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Abstract. Seasonal forecast is an early warning system that contributes to anticipatory management by providing spatial and
temporal information of the near future. This study first examined the skill of ECMWF system 5 (SEAS5) sub—seasonal-to—
seasonal (S2S) forecasts over Mainland Southeast Asia (MSEA). We evaluated the SEASS5 skill of temperature and
precipitation for 30 years (1985-2014) against two reference model datasets, WFDES5 and APHRODITE, using probabilistic
forecast verification skill metrics at grid cells for each month. Then, the SEAS5 data was used to force the Variable
Infiltration Capacity (VIC) hydrological model to predict runoff and streamflow. These hydrological results were compared
against the WFDES-driven streamflow reanalysis and observed station data, using the same probabilistic skill statistics. The
results show a prediction potential for temperature beyond two months in advance. The skill of precipitation and streamflow
forecasting is limited to the first month. Strong seasonal and regional dependence occurs. The model shows high forecast
skills during the pre-monsoon (April-May) and post-monsoon (October—-November), arguably the period when its usefulness
is potentially highest. Conversely, poor skill is observed during the rainy monsoon season (June—August). In eastern and
southern MSEA, i.e. in eastern Thailand, Cambodia, Vietnam and Malaysia, considerable skill levels are found. Year—to-
year precipitation tercile plots highlight skill in predicting the anomalous seasonal conditions caused by the ENSO. Overall,
SEASS and derived hydrological forecasts show useful skill that can potentially be used for hydrological and agricultural

anticipatory management in this region.

Keywords: Mainland Southeast Asia, seasonal forecast, streamflow, ECMWF SEAS5

1 Introduction

Mainland Southeast Asia (MSEA) is located in the tropical zone, where the climate variability strongly depends on a
complex interaction between the ocean and the atmosphere of the Indian Ocean and the Pacific Ocean. Its climate is
modulated by monsoons and amongst others the Inter Tropical Convergence Zone (ITCZ) and tropical cyclones contributing
to the rainfall during the wet season. Moreover, the irregular oscillations of sea surface temperature, such as the Indian
Ocean Dipole (IOD) and the El Nifio Southern Oscillation (ENSO), are responsible for anomalous seasons. The ENSO is
now recognized as the most important driver for year—to—year climate variability (Lieberman and Buckley, 2012), especially

in the tropics. Abnormal ENSO phases can cause the seasonal climate to become wetter or dryer than usual and consequently
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affect the hydrology. Generally, drought conditions in MSEA tend to be associated with El Nifio, while severe flood events
are correlated with La Nifia (Juneng and Tangang, 2005; Villafuerte and Matsumoto, 2015; Xu et al., 2004).

The recent increasing global mean temperature changes regional temperature and precipitation and affects streamflow
(Gosain et al., 2006; Xu et al., 2010). This becomes a challenge to water resource management regarding climate change
adaptation. Decisions in the past have not always been based on, nor supported by effectual information. Clearly, decision—
making needs more research to accomplish more secure and sustainable water management. Hence, probabilistic forecasts
are necessary to establish a strategy taking uncertainties about future hydrological conditions into account.

Various statistical and empirical streamflow prediction models and methods have been employed to support water
management (Schaake et al., 2007). Hydrological planning typically requires forecasts at various lead times. For instance,
short term forecast is used for day—to—day strategy. Seasonal forecasts produce information on such events as ENSO from a
month to over a year in advance and that has considerable potential for an annually varying management strategy.
Furthermore, sub-seasonal-to—seasonal (S2S) meteorological forecasts have been produced to fill the gap between the
medium-range and seasonal weather forecasts for informing decision—-making across sectors. Many recent studies have been
conducted to determine the S2S prediction skill. For example, Amalia et al. (2019) studied the skill of the CFSv2 forecasting
model over Southeast Asia. Seasonal climate model outputs subsequently drive statistical or process-based hydrological
models and extend hydrological variables prediction on seasonal timescales. Many seasonal hydrological forecasts have been
developed using variety of forecasting methods. Examples are drought forecasting in Africa by Trambauer et al. (2015) and
seasonal streamflow forecasts over Europe produced by Arnal et al. (2018). State-of-the-art coupled ocean—atmosphere S2S
forecasting systems, such as the one from the European Centre for Medium-Range Weather Forecasts (ECMWF) are
promising prediction methods that have been evaluated in many studies (e.g., Olaniyan et al. (2018); Yan et al. (2021)).
Although forecasting skills have improved, there are still some limitations. For instance, it is still unclear how well SEAS5
represents the regional climate dynamics. We do not know yet how the climate forecast skill, if any, translates into skilful
streamflow forecasts. It is worth assessing its usefulness for meteorological and inflow forecasting. Moreover, it is important
to understand seasonal anomalies associated with the ENSO phases over MSEA to provide advanced knowledge to enhance
implementation and planning for effective water management. Quantifying the forecasting skill for different regions and
time scales is necessary to identify the model error and enhance the effective uptake of forecast information.

In this present study, we implemented a model-based system, the variable infiltration capacity (VIC) hydrological model and
the ECMWEF system 5 to produce seasonal streamflow forecasts. It was applied in MSEA. We addressed the following
research questions: (1) How well does the seasonal forecasting model ECMWF SEASS simulate the climatology and
seasonality of the variables (i.e. precipitation and temperature) over MSEA? (2) How well does the streamflow prediction
forced by the seasonal forcing variables perform? (3) How does forecast skill for these indicators at various lead times

compare for each season and in different sub-regions?
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Section 2 will give details regarding the study area and available data. The methodology and skill validation are given in
Section 3. The performance of SEASS forecast skill result is presented in Section 4 and discussed in Section 5. We conclude
our study in Section 6.

2 Study area and data description
2.1 Study area

The study area is MSEA, covering Myanmar, Thailand, Laos, Cambodia, Vietnam, and Peninsular Malaysia (Figure 1).
MSEA is a tropical humid climate region (Peel et al., 2007). Within MSEA, the Mekong River Basin is a flood-prone area
with rich natural resources and is favourable for agricultural activities. The north and northwest areas are high plateaus and
mountain ranges across the border between Myanmar and Thailand to Malaysia. The southwest parts are next to the Indian
Ocean and the northeast part is next to the South China Sea. The climate is primarily modulated by two main monsoon
periods, the southwest monsoon and the northeast monsoon (Loo et al., 2015). The southwest monsoon from the Indian
Ocean forces the wet season over the entire MSEA, starting late May and lasting to August or even longer to September. It
takes wet moisture to the northeast mountain range along Myanmar-Thailand during the summer season with the maximum
rainfall in July. Meanwhile, coastal Vietnam coincides with the maximum rainfall around October, but a lower amount than
the northeast region (Kripalani and Kulkarni, 1998). In contrast, the northeast monsoon from southern China brings dry air
and dominates the dry and cold season from around November to March (Loo et al., 2015; Misra and DiNapoli, 2014). It
induces the dry season over the northern and north-eastern parts and causes rainfall in the southern part. The most relevant
oceanic system to this study area is ENSO, which occasionally causes extreme drought and flood events (Lieberman and
Buckley, 2012; Raséanen and Kummu, 2013; Xu et al., 2004).
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Figure 1 The study area Mainland Southeast Asia (MSEA) and three sub-regions: North, East, and South. The red dots indicate
ten streamflow gauging stations from the Royal Irrigation Department (RID), Thailand.

2.2 Data Description

The meteorological forcing from the ECMWF ensemble forecast system has been produced since the first system in 1997
(\Van Oldenborgh et al., 2005) and has constantly developed to the current version, SEAS5 (Johnson et al., 2019). It is used
to produce re-forecasts and real-time forecasts. The SEASS re-forecast dataset starting from 1985 to 2014 (30 years) was
selected to evaluate meteorological skill in this study. The data is an ensemble of 25 members. The forecast initialization
starts on the first day of each month and extends to a lead time of seven months. We performed a bias correction on each
ensemble member of precipitation and temperature using the empirical quantile—quantile mapping (ggmap) approach
(ThemeRl et al., 2011) on daily data against the WFDES5 dataset.

Observational data for the same period is needed for re-forecast (hereafter hindcast) verification. We use both reanalysis
datasets and real observed data from the measurement stations as references. We employed the 0.5 degree horizontal
resolution gridded reanalysis data, namely the WATCH Forcing Data ERA 5 (WFDES5) (Cucchi et al., 2020) as reference for
the meteorological variables. The WFDES5 dataset is the bias-corrected version of the ERAS reanalysis using the WATCH
Forcing Data (WFD) methodology (Cucchi et al., 2020).
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In addition, we used the 0.5° grided daily mean temperature and precipitation datasets from Asian Precipitation—Highly
Resolved Observation Data Integration Towards Evaluation of Water Resources (APHRODITE) for validation with the
meteorological variables. APHRODITE is long-term precipitation and temperature datasets developed from observation
records over Asia (Yatagai et al., 2012). We used the APHRODITE temperature version 1808 and two versions of
precipitation data, version 1101 for 1985-1997 and version 1901 for 1998-2014, because neither version covered the entire
hindcast period.

Lastly, we obtained the streamflow observed data from the Royal Irrigation Department (RID), Thailand, to compare with
the streamflow output from VIC model driven by SEAS5. Ten stations (Figure 1) were selected with complete streamflow
data.

3 Methodology and skill verification

The study consists of two main parts (Figure 2): (1) a reference simulation of VIC forced by WFDE5 and (2) a seasonal
hindcast simulation of VIC forced by SEAS5. We simulated seasonal streamflow forecast with the Variable Infiltration
Capacity (VIC) hydrological model WUR version (Droppers et al., 2020) using the SEAS5 data as forcing variables. VIC is
a macroscale hydrological model originally developed by (Liang et al., 1994) that simulates full water and energy balance on
an individual grid cell. VIC is forced by seven variables: 1) precipitation, 2) minimum temperature, 3) maximum
temperature, 4) atmospheric humidity, 5) wind speed, 6) incoming short-wave radiation, and 7) incoming long-wave
radiation. For the present study, we ran VIC with a six-hour simulation step. It was first run for the years 1983-1984 with the
WFDES5 dataset to spin up the initial state of soil moisture, snow, and river discharge. Subsequently, we used 30 years of
SEASS and WDFES as forcing variables for VIC to generate streamflow. The VIC model was run for the entire hydrological
basins in this region to assemble all the sources and outlets of the rivers. Subsequently, the streamflow results were
aggregated for the MSEA domain as outlined before. Thus the simulation domain was significantly larger than the analysis
domain. The SEAS5-based streamflow results were analysed and compared with the reanalysis streamflow based on the
WFDES variables. The reanalysis simulation was additionally validated with the gauging observed discharge data from the
RID.

Subsequently, the daily hindcast data was aggregated to monthly means. This study examined skill for every 12 targets and
seven lead months to achieve a higher temporal resolution instead of analysing target seasons. We further aggregated to three
sub-regions (North, East, and South) to examine the different consequences of the ENSO phenomenon.

There is no single verification measure that can capture all forecast qualities, so it is important to use a range of different
statistical metrics to assess forecast skills (Murphy, 1993). We calculated three skill statistics (1) correlation coefficient, (2)
Ranked Probability Skill Score, and (3) Relative Operating Curve Skill Score. The Spearman’s rank correlation coefficient
(R) is one of the commonly used measures for forecasting skill analysis. We used the R statistic to verify the correspondence

between the observations and the median of the hindcasts. The Ranked Probability Skill Score (RPSS) was applied to
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evaluate the hindcast probability to standard references. A zero value means that the hindcast is as good as the climatology

130 and one means a perfect forecast. Positive or negative scores imply more and less skilful than the climatology, respectively.
The seasonal forecast ability to capture ENSO-associated abnormal rainfall was assessed based on anomalous (seasonal)
years identified from NOAA’s Oceanic Nino Index (ONI) (NOAA, 2023) using the Relative Operating Curve Skill Score
(ROCSS). We defined three seasons: March—May (MAM), July—August (JJA) and September—November (SON), and again
the three sub-regions in the North, East and South (Figure 1). A negative ROCSS values mean no skill, zero values imply the

135 forecast is as good as the climatology, and the positive values indicate an improvement. For the analysis, we used the
following statistical R packages: ‘Specs Verification’ (Siegert et al., 2020), ‘easy Verification’ (Bhend et al., 2016),
‘visualizeR’ (Frias et al., 2018), ‘transformeR’ (Bedia and lturbide, 2017a), ‘loadeR’ (Bedia, 2018) and ‘downscaleR’ (Bedia
and lturbide, 2017b).
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140 Figure 2 Set-up of this study. Two dashed boxes present hindcast and reference simulations. Two solid line boxes present obtained
datasets: temperature and precipitation from APHRODITE and water discharge from Royal Irrigation Department, Thailand.
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4 Results
4.2 Spatial-temporal pattern of climatology

In this section, spatial-temporal patterns of temperature and precipitation of SEAS5 hindcast were compared with each 0.5
degree (approximately 55 km) grid cell of WFDES5 and APHRODITE. Maps of the temperature and precipitation skill at 12
targets and seven lead months have been made. Map information has been further aggregated and analysed against time, to
facilitate analysis of temporal evolution of skill and its persistence.

4.2.1 Near surface temperature
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Figure 3 Spatially aggregated correlation coefficient R (p<0.05) for temperature of SEAS5 hindcast against reference datasets for
1985-2014 over Mainland Southeast Asia at lead 0-2. (a) Mean R against WFDES5; (b) Number of cells with significant R against
WFDES5; (c) and (d) are against APHRODITE. Each coloured line follows the skill of a single forecast for its entire seven months.
Dashed black lines connects points of the same lead time. The straight line at 0.31 is the significance threshold of mean R for 30
years.

Figure 3 presents the verification result for temperature of SEAS5 hindcast against the WFDE5 and APHRODITE datasets
over MSEA for 30 years (1985-2014). The spatial domain mean correlation coefficient shown in Figures 3a and 3c shows an
overall trend of decreasing skill with lead time. The results indicate a significant correlation mostly up to two months in

advance. The two reference datasets agree on low skill levels during the wet season (July—September), both in mean
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correlation and in a fraction of the area with skill. The validation against APHRODITE shows a higher skill magnitude

compared with the evaluation against WFDES, especially during the rainy season. It also can be clearly seen that the number
of significant cells during July—September between verification against WFDES5 and APHRODITE is different. The number
of significant grids during July—September drops to below 20% at lead-2 against WFDES5, while the significant cells at lead-
2 against APHRODITE is about 65%. The hindcast evaluation against WFDES5 reanalysis at p<0.05 shows a significant

spatial domain mean correlation coefficient (R>0.31) at the initial (lead-0) (Figure 3a and 3c).
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Figure 4 Spatially distributed correlation coefficient R (p<0.05) for temperature of SEAS5 hindcast against reference datasets: (a)
WEFDES and (b) APHRODITE, for 1985-2014 over Mainland Southeast Asia at lead-0.

Spatial R patterns for the temperature at lead-0 of the verification against WFDE5 and APHRODITE are shown in Figure 4a
and 4b, respectively (other lead times shown in the Supplement). Grids with no significant skills are presented in yellow. The
darker red colour grid represents more skill. For various grid boxes, some metrics could not be computed because the
observations or hindcasts contained more than one-third of zeros or more than one-sixth equal values: these grids will remain
white on the maps. These skill gaps could occur because of e.g. zero precipitation in the dry period (see also Greuell et al.
(2018)).

The maps demonstrate poor skill or no statistical significance around the central or central-east part of MSEA, particularly in
July—September, which is related to the low mean correlation during the wet season (Figure 3). Even though the evaluation
against APHRODITE presents more significant cells in this area compared to the hindcast against WFDEDS, the degree of
skill is still less than in the other areas. More correlation is found in the central MSEA apart from the wet season.
Temperature also shows a strong relationship in all months between SEASS5 hindcast and the reference run in mainland
Malaysia (southern MSEA) and the Myanmar high plateau (northwest MSEA). Though, there is a weaker skill period during

July and September, which can be remarkably seen with WFDES5 reanalysis.

4.1.2 Precipitation

Precipitation
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Figure 5 Spatially aggregated correlation coefficient R (p<0.05) for precipitation of SEAS5 hindcast against reference datasets for
1985-2014 over Mainland Southeast Asia at lead 0-2. (a) Mean R against WFDES; (b) Number of cells with significant R against
WFDES5; (c) and (d) are against APHRODITE. Otherwise as figure 3.

Figure 5 presents the correlation coefficient R of the SEASS5 precipitation hindcast against the reference datasets. The
significant forecasting skill (R> 0.31) is observed only at the initial month (lead-0) over the spatial domain. The evaluation
skill results with the two reference datasets are comparable and more similar than for temperature. Verifying with
APHRODITE shows a slightly better skill. The skill results are likewise monthly dependent. The R scores are apparently low
during the rainy season from June to September, which is the same low skill period for temperature. The skilful target
months are the pre- and post-rainy seasons. Beyond the first lead month, the mean R of the precipitation model hindcast over
the entire study area decreased with lead time (see more spatial distribution in Supplement).

As the significant precipitation hindcast skill solely appears in lead-0 (Figure 5), we will only show the spatial distribution of
R for precipitation against the reference datasets at lead-0 in Figure 6. There is a large area in the northwest and central
MSEA (North Thailand and Myanmar) where the statistic cannot be calculated from December to March because of the ill-
defined data that occur in the hindcast. The reasons can be that the reference precipitation consists of more than one-third
zeros or of more than one-sixth equal values. This can be the consequence of no precipitation in the dry season because these
areas are located in the northern highland and the western mountain range blocks the moist air from the Indian Ocean to the
central region. The non-computed grid cells cause the lower number of spatial grid cells with significant R during the dry
season. The northern and central areas are skilful around the start and end of the rainy season. The southern MSEA displays
significant R in the dry season. However, there is no clear significance pattern during the wet season. This might be due to
the high rainfall variability in this region as the tropical zone where the maximum precipitation is high and difficult to

forecasts.

10
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Figure 6 Spatially distribution correlation coefficient R (p<0.05) for precipitation of SEAS5 hindcast against reference datasets:

(a) WFDES; and (b) APHRODITE, for 1985-2014 over Mainland Southeast Asia at lead-0.
4.2 Spatial-temporal variation of skill in hydrology

The seasonal streamflow hindcast skill is evaluated for all 12 initialization months and all seven lead months using the 30
210 years of SEASS data as forcing for VIC to generate the hydrological outputs and that will be evaluated with WFDES5-based
streamflow outputs. The analysis focuses on runoff (the amount of water that runs within a grid cell via both the surface and

groundwater) and river discharge (the amount of water that flows through the river channel between grid cells).

11
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Figure 7 Spatial domain mean correlation coefficient R (p<0.05) for river discharge (orange line) and runoff (blue line) generated
from VIC model driven by SEASS5 hindcast against the reference dataset driven by WFDE5 for 1985-2014 over Mainland
Southeast Asia at lead 0-2.

The SEAS5-based streamflow forecast generally shows little skill. The monthly mean correlation patterns between runoff
and discharge are almost similar (Figure 7), but the prediction is slightly better for discharge than for runoff. The difference
can be explained by the runoff infiltrates in a single grid cell, while discharge accumulates the river flow from upstream to
downstream that aggregates the skill through some time intervals. The difference between discharge and runoff is clearly
visible in the spatial correlation coefficient map (Figure 8 and Figure 9). For example, the forecasting skill for discharge in
March observed in the river channels is higher than the skill in discharge and runoff in the surroundings for the same month
(Figure 8). There are some exceptions, e.g. in target months February and December, where the river channels in the central
area show less skill than the surroundings. The occasional difference is perhaps because the discharge predictability comes
later in response to rainfall upstream. The significant streamflow correlation at each initiation month and lead time
correspond to the forecasting skill of meteorological variables. Nevertheless, the skill level of discharge and runoff hindcasts
is lower compared to the temperature and precipitation skilful. The significant R is observed at the initialization months and
almost no skill after lead-0. Considering lead-0, the discharge skill is small during December—March and July—September
(Figure 7). This may be due to the influence of the monsoon period together with ENSO. Although the line graph of the
entire MSEA shows a low correlation during December—February, the spatial map shows Malaysia and Vietnam and
Cambodia give a significant skill in this dry season (Figure 8). In contrast, the central MSEA exhibits highly skilled during
the wet season (April-June) but shows low skill in the dry season. This result is similar to the precipitation skill pattern

showing a strong relationship between precipitation and hydrology.
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235 Figure 8 Spatially distributed correlation coefficient R (p< 0.05) for water runoff generated from VIC model driven by SEAS5
hindcast against the reference dataset driven by WFDES5 for 1985-2014 over Mainland Southeast Asia at lead-0.
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Figure 9 Spatially distributed correlation coefficient R (p<0.05) for water discharge generated from VIC model driven by SEAS5
hindcast against the reference dataset driven by WFDES for 1985-2014 over Mainland Southeast Asia at lead-0.
240 4.3 Other skill metric (RPSS)

So far, we have only calculated the correlation coefficient R approach to test the seasonal hindcast skill. We also applied the

RPSS evaluation test in addition to the R statistic. The RPSS evaluation also shows the temporal dependencies in this region.
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We present here the target May up to two lead times (Figure 10 and Figure 11), which is the month with the highest skill.
The positive RPSS is presented in light green to blue for precipitation and orange to red for temperature, referring to
245 significant cells where the forecast is better than the climatology and potentially useful, while the yellow colour refers to
insignificant RPSS levels. Overall, it can be seen that the seasonal hindcast RPSS skill decreases with longer lead times. The
spatial gridded RPSS for seasonal temperature hindcast resemble the R results, the positive RPSS results are mostly found in
the central areas of MSEA (Figure 10a). The RPSS values advocate seasonal temperature forecast effectiveness. Even
though the model seasonal precipitation, discharge and runoff hindcasts rarely produce RPSS skill, the high RPSS regions
250 are similar to and slightly more extensive than the high R regions. This agreement gives more robust indication of which
regions and what time periods the seasonal hindcast is skilful. The precipitation and streamflow results are highly correlated
in terms of skill patterns. This emphasized the strong relationship between precipitation and the hydrological system. In
other words, the runoff and discharge forecasting skills predominantly depend on the precipitation forecasting skill and

apparently less so on initialization.
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Figure 10 The skill of near surface temperature by (a) mean correlation coefficient R (p<0.05); and (b) ranked probability skill
score RPSS (p<0.05) of SEASS hindcast against observation from WFDES for 1985-2014 over Mainland Southeast Asia at lead 0-
2. (c)-(d) are the same for precipitation.
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Figure 11 The skill of river discharge generated from VIC hydrological model driven by SEAS5 hindcast against the reference
dataset driven by WFDES5. (a) mean correlation coefficient R (p<0.05); and (b) ranked probability skill score RPSS (p<0.05) for
1985-2014 over Mainland Southeast Asia at lead 0-2. (c)-(d) are for runoff.

4.4 Comparison of theoretical skill and actual skill of discharge

All the previous results in this study were analysed against the generated reference model simulation. To better assess the
value of the hindcast, skill verification against observed data is required. The terms ‘theoretical and actual skill’ was
introduced for skill validating with the reanalysis method and real observational data, respectively and commonly used in
many studies (Greuell and Hutjes, 2022; Van Dijk et al., 2013). Details of the streamflow gauging stations are presented in
Supplement Table S1.

Figure 12 shows the probability R values of 12 initial months in seven lead times against the observational discharge data
(actual skill, left column) and against the VIC results forced by WFDES5 (theoretical skill, right column) at 6 gauging stations
(the other station results can be found in the Supplement). Significant skill levels are displayed in yellow to red colour, and
the remaining grey is an insignificant skill. The notable outcome is the similar skill pattern between theoretical and actual
skills. Theoretical skill generally presents slightly higher skill degrees than actual skill.

Station P.1 and N.1 are located in the north of Thailand (central MSEA) and show a low number of significant R results with
unclear skill patterns. Even though some skills are found within these stations, it might be a chance that skill is attributed
through the analysis process. On the other hand, the skills of other gauging stations show a more consistent skill pattern.
Station C.2 (central Thailand), M.7 (east Thailand) and KTG.3 (southeast Thailand) reveal forecasting skill when the target

month is May and some skills for April and June and a persistence of skill through a large number of lead months. Although
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the actual skill degree is lower than the theoretical skill, the results of both assessments show a lot of agreement. Hence, the

reanalysis can be considered as a reliable method to evaluate the seasonal forecast skill over this area.
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Figure 12 Comparison between river discharge from gauging stations, known as actual skill (left column), and river discharge
generated from VIC model driven by SEAS5 hindcast, known as theoretical skill (right column), using the correlation coefficient R
(p<0.05). (a) station P.1; (b) station N.1; (c) station C.2; (d) station M.7; (e) station KTG.3; and (f) station X.90.

4.5 Prediction of anomalous years

Infrequent events such as severe floods or extreme droughts are associated with ENSO events. We tested whether it is
possible to capture anomalous weather and discharge with seasonal forecasts. Figure 13-15 demonstrates the year—to—year
precipitation hindcast probability in tercile plots from 1985-2014 for the whole study area in three seasons. These tercile
plots show the performance of a forecast system at different time scales and compare the different thresholds of hindcast
probabilities (light to dark red blocks) to the observations (white circles). The darker the colour, the better the more certain
the forecast is. We analysed the three sub-regions in the North, East and South and for three seasons, defined as pre-
monsoon phase (MAM), the rainy season (JJA) and the transition phase (SON). MAM is the dry and hottest period of the
year. The rainy season during JJA is dominated by warm moist air from the southwest monsoon. SON is the transition phase

from the southeast to northeast monsoon periods. The ROCSS for above normal, normal and below normal on the right of
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the plot indicates the forecasting skill in comparison to the reference dataset. The hindcast predictabilities for above and
below average precipitation hindcasts are more skilful (higher ROCSS) than in normal conditions. The highest skill is found
at lead-0 and reduces at longer lead times.

Even though the SEASS hindcast is not able to capture all the anomalous dry and wet years over the 30 years, the hindcast
exhibits a remarkable possibility of capturing the extreme coincidences during the pre-monsoon season (MAM).
Furthermore, we detected the predictability of the wet (La Nifia) and dry (El Nifio) phases during these months. For instance,
a strong probability is found for the above-normal due to the La Nifia in 1999, 2000.

The observed precipitation terciles in the JJA period that are associated with the El Nifio phases are predominantly above
normal or normal, while the La Nifia phases are below normal (Figure 14). The hindcast hardly detects abnormal rainfall
during the JJA monsoon period after the first lead month. The exception is in the South, where the ENSO effect is opposite
to the other sub-regions and anomalous rainfall due to La Nifia can be identified by the SEAS5 hindcast. Significant ROCSS
values are observed at the upper and lower terciles in the South during the JJA months, except the lower tercile at lead-1.
This emphasizes the predictability for the South sub-region.

Among the three selected seasons, the SON period is the most affected by the ENSO events. The hindcast can predict
anomalous years in MSEA, except in the South where significant ROCSS values are rarely observed. In the East, we clearly
see that EI Nifio mainly occurs in the below tercile and La Nifia mainly in the above tercile, this shows that precipitation is
more predictable and consequently results in higher ROCSS values. (Figure 15). There is an unclear precipitation trend in the
North and South as El Nifio events occur in both upper and lower terciles and the same for La Nifia events, which explains
the forecasting difficulty in this transition phase.

Overall, more forecasting skill is observed during the MAM than in the JJA and SON periods, except in the South sub-
region, where the hindcast performs better during the JJA months. These results are consistent with the probabilistic R and
RPSS presented before.
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Figure 13 Year—to—year precipitation hindcast probabilities in tercile plots for March—-May (MAM) by SEAS5 from 1985 to 2014
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Figure 14 As figure 13 but then for precipitation hindcast probabilities in June-August (JJA)
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325 Figure 15 As figure 13 but then for precipitation hindcast probabilities for September—November (SON).

5 Discussion

5.1 Performance of the SEAS forecasting skill

The forecasting skill in MSEA varies by the sub-region and target month. Skilful areas calculated by R and RPSS statistical

methods are similar in terms of both spatial and temporal patterns. Significant temperature forecasting skill is shown up to

330

there is hardly any skill. This could be a challenge for forecasting because the temperature can shift towards higher
temperature and higher peak temperature due to climate change (Supharatid et al., 2021; Villafuerte and Matsumoto, 2015).
At the same time, for monthly precipitation, there is no forecasting skill after the first lead month (lead-0). This is not a

surprising result as other research also found that the SEAS5 forecasts temperature better than precipitation, e.g. in Australia
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two months in advance. Even though the temperature generally shows high skill, there are some periods and areas where
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(Wang et al., 2019). MSEA is located in the tropical zone where the high rainfall variability (i.e. intensity and frequency)
and extreme convective peak obstructs forecasting. It indicates that in the tropical region, predicting precipitation is even a
bigger issue.

The climate variability in MSEA is dominated by two main monsoon periods, northeast monsoon and southwest monsoon.
These monsoon periods are considered as the source of the forecast. For instance, accurate monsoon onset prediction can
improve seasonal forecasting skill. Yan et al. (2021) have studied the predictability of the northeast monsoon onset with the
SEASS data, and conclude that the monsoon onset date can be predicted ten days in advance. This accuracy definitely
contributes to the capability to predict seasonal rainfall over short lead times. Chevuturi et al. (2021) exposed that the
southwest monsoon onset could be forecasted one month in advance according to SEAS5. Wang et al. (2021) evaluated the
seasonal forecast results for the East Asian summer monsoon implementing Beijing Climate Center Climate System Model
and also found that the forecast skill dropped dramatically from lead-0 to lead-1 and then fluctuated beyond lead time. These
related studies highlight the importance of how the monsoon season affects seasonal weather and what can or cannot be
predicted.

The seasonal hydrological hindcast shows a lack of skill beyond lead-0. The predictive streamflow skill in the studied region
decreases with the increase in lead times. Similar results have been reported to other hydrological studies (Greuell and
Hutjes, 2022; Lucatero et al., 2018; Petry et al., 2021). The research in other areas, such as Denmark, showed limited
streamflow skill beyond a one month lead time (Lucatero et al., 2018) and the same in South America where the peak
streamflow could be predicted one month in advance (Petry et al., 2021). The streamflow generation processes mainly come
from the precipitation (Schmitt Quedi and Mainardi Fan, 2020), the streamflow skill hence presents similar patterns to the
precipitation skill although at slightly lower levels. It could be the complexity of the streamflow itself that reduces skill.
Besides, the uncertainties of the hydrological model would minimize skill. Despite this, the similarity suggests that where
and when the seasonal meteorological forecasts are skilful, it adds value to streamflow forecast (Jackson-Blake et al., 2022;
Lucatero et al., 2018).

Meteorological and hydrological forecasting skills in MSEA do not predominantly depend on the lead time but more on the
target month. The research by Yuan (2016) also found that the seasonal hydrological forecasting of the Yellow River basin
has a strong seasonal dependency. Our study demonstrates that the highest skill occurs for target May, whereas target
September is the less skilful month. Apparently, because the monsoon influences precipitation predictability differently for
each season which propagates to similar results in streamflow. Research by Yang et al. (2008) studied the southwest
monsoon forecast using the NCEP Climate Forecast System model and found that there was forecasting skill at the start of

the monsoon (May-June), but the monsoon retreat (September) showed limited forecasting skill.

5.2 Trust in skill verification method

We applied the WFDES5 reanalysis dataset to establish the initial state conditions for VIC, to evaluate the hindcasted

meteorological variables and to simulate seasonal streamflow reference data. We decided to use this reanalysis approach
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because no actual grid observation dataset is available for the regional scale. Nonetheless, the SEAS5 and WFDES5 datasets
are created with almost the same atmospheric model (IFS cycle version 43rl1 for SEAS5 and version 41r2 for WFDES)
(Cucchi et al., 2020; Johnson et al., 2019) and consequently the results of these systems are not independent, and comparison
could be biased. Therefore, we compared WFDES5 also with APHRODITE, which is an alternative and more independent
reference dataset. The almost identical results of these two models build trust in our study using the WFDE5 reanalysis
method.

Moreover, the comparable streamflow results between the reanalysis approach and the actual observational data enhances
confidence in using the reanalysis approach. However, there is a difference in terms of skill degree, the theoretical skill is
higher than the actual skill. Errors in the hydrological measurements, notoriously so for flooding events could reduce data
accuracy and therefore lead to lower actual skill. We nevertheless expect that the measurement errors are not as large as the
model errors and only have a small effect on the actual skill. The hindcast and the model reanalysis initial conditions are
both generated by WFDES, which differ from the real streamflow and could cause dissimilarity (Greuell et al., 2019). VIC
performs well in many regional and hydrological contexts although there are still some sensitivities in model prediction
(Nijssen et al., 2001; Yan et al., 2015; Yun et al., 2021). Despite the skill level dissimilarity, the reanalysis is a potential
method for skill analysis.

To reassure the competence of reanalysis method, more observations covering this study area for a prolonged period are
needed to assess the actual skill better and contribute to a better understanding of the seasonal forecasting skill. Still, this
obviously would entail a long-term investment as it takes several decades before time series are long enough to allow such

analysis. Therefore, comparing different reanalysis models method is more time efficient.

5.3 Aggregated seasonal skill of anomalous years

We used the ROCSS to evaluate the performance of the tercile forecasts over seasons (MAM, JJA and SON) rather than over
individual months. The assessment over the MSEA finds obvious skill patterns with the upper and lower terciles exhibiting
more skill than the climatology. The ROCSS values for the three seasons and three sub-regions underline the dependency of
lead time hindcast skill on seasons and regions. The ROCSS score is higher than those R and RPSS because the seasonal
aggregates increase skill. The skill value decreases with a longer lead time, same as the R and RPSS results, though in many
areas remaining significant to lead-2 for the variable analysed. The decreasing skill at higher lead times was also seen in
other studies, such as Ogutu et al. (2017) and Chen et al. (2019).

The ENSO phenomenon forces precipitation anomalies differently among sub-regions and seasons. In MSEA, the warm
phase (El Nifio) tends to be below the normal precipitation and the cold phase (La Nifia) tends to be above normal
(Kirtphaiboon et al., 2014; Résédnen and Kummu, 2013; Sein et al., 2015). This tendency is apparent in the MAM and OND
seasons but opposite in the JJA months. The SEAS5 can capture the strong ENSO anomalous incidences (e.g. El Nifio in
1997/1998 and La Nifia 1999, 2000, 2001) yet still miss a few of the other incidences. It is because rainfall in this region is

complex and is influenced by many processes apart from ENSO.
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The MAM period exposes the strongest probability terciles for the entire study area and the ENSO circulation could be
predicted well by the forecast system. In comparison, the JJA and SON periods show less clear evidence to predict ENSO-
correlated events. This might be because high rainfall variability hampers the prediction. However, the number of ENSO
events that dominated the MAM pre-monsoon season during the past 30 years is limited compared with more ENSO events
during the JJA and OND seasons. This possibly cannot represent the skill well; therefore, studying a longer period could

assist this understanding.

5.4 Implication and recommendation

Seasonal forecast information may be beneficial for decision-making. This research focussed on the regional scale to
examine the potential use of SEAS5 and VIC as an early warning system for rainfall and river discharge anomalies over
MSEA. So, the detailed seasonal forecasting skill found by this study could be applicable for many specific purposes. To
elaborate, the seasonal forecast is important not only for the agricultural sector but it is also important to the water
management, energy, and industrial sectors (Block, 2011; Everingham et al., 2002). For example, the prediction of discharge
amount is inherent to the capability of hydropower production. The seasonal streamflow forecast can also be used to improve
anticipatory flood management and reservoir operation management (Kompor et al., 2020). According to our study, the
SEAS5/VIC-based meteorological and streamflow forecasts are skilful for one month in advance. But meteorology-related
planning and water management in this area still faces forecasting difficulties for advance planning beyond one month.
However, the SEASS is valuable for short-term planning. For example, the skilful first month forecast for the early and late
phases of the monsoon from SEAS5 can effectively be used for crop management, such as planning sowing and harvest date,
especially for rice cultivation as this is the main crop in this region. The low forecasting skill during the wet period may be
less relevant for farmers' decisions since during this period water limitation is generally not an issue.

The current study shows the scientific perspectives, which is the first step in developing an early warning system. Consulting
with stakeholders will be the next step for an effective implementation of such a system. The agricultural sector and
particularly farmers, for instance, should be consulted. We must understand their needs and limitations for effective
implementation of adaptation measures using the results of this study and building trust in seasonal forecasting (Ebhuoma,
2020; Nyadzi et al., 2019). In addition, other seasonal forecasting systems and hydrological models should be studied and
compared with this study, as they may exhibit better or complementary skill in this region. Our findings demonstrate the
forecast that could provide a possible link to regional level end users. As such, it provides a good basis for applying seasonal

forecasts, additional work could be done by adding information to support the possible use of the seasonal forecast.

6 Conclusions

This research evaluates the potential use of the ensemble seasonal forecast model, ECMWF System 5 (SEAS5S), for

Mainland Southeast Asia. The SEAS5 possesses skills to forecast meteorological and hydrological systems. The seasonal
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temperature hindcast verification using R and RPSS shows significant skill up to two months in advance, except the target
August and September that only show significant skill at lead-0. The seasonal precipitation hindcast demonstrates an almost
similar spatial skill as the temperature but a lower skill degree, which a considerable skill is in the initial month (lead-0). The
temperature and precipitation forecasting skills depend on the target month and location but barely on lead time. Both
temperature and precipitation skill levels certainly depend on the target month. April-May and October—November are the
most predictable skills periods of the year. During the wet season itself (July—September) SEASS is hardly able to predict
seasonal weather in the MSEA area. This is caused by the high number of rainy days in combination with a high variability
of rainfall intensity during the monsoon periods and ENSO. Different sub-regions also respond to the forecast differently.
We find a large area in MSEA where the forecasting is skilful, including the middle and eastern parts (East Thailand,
Cambodia, Laos and Vietnam) and the southern part (Malaysia). The forecasting skill for meteorological forcing variables
influences the hydrological streamflow forecast skill; thus, both monthly discharge and runoff hindcasts show comparable
patterns to the monthly precipitation hindcast skill with a lower skill degree. Evaluation of year—to—year seasonal
precipitation hindcast over the entire period presents a good skill for detecting anomalous years in both EI Nifio and La Nifia
occurrences, specifically during the MAM period. This indicates the potential use of the SEAS5 for impact studies.

According to this study, even though the overall meteorological and hydrological forecasting skill for MSEA beyond one
month is limited, this information is valuable. The forecast could be utilized as an input for early warning system for many
sectors. Especially the highly skilful pre-monsoon season could be helpful to farmer decisions such as deciding crop type
and sowing date. Further research will investigate the influence of seasonal forecasting products such as the meteorological
forcing and the streamflow in crop model implementation. The results of this study could already support a first step to come

to potential anticipatory hydrological management in MSEA.

Author contributions

Ubolya Wanthanaporn generated and analysed the results. Iwan Supit, Bert van Hove and Ronald W.A. Hutjes provided

overall oversight and guidance. Ubolya Wanthanaporn prepared the manuscript with contributions from all co-authors.

Competing interests

The authors declare that they have no conflict of interest.

Acknowledgement

This research is supported by the Royal Thai Government Scholarship, which was conducted as part of the doctoral research
project of the first author. The authors thank the ECMWFSEASS research team for providing the forecasting product

24



https://doi.org/10.5194/hess-2023-56 Hydrology and
Preprint. Discussion started: 15 March 2023 Earth System
(© Author(s) 2023. CC BY 4.0 License. Sciences

Discussions
By

460 available for this work. We also thank different modelling and observation centres for providing the ERA5 and
APHRODITE data. We extend our sincere gratitude to the Royal Irrigation Department of Thailand (RID) for providing
observational streamflow data.

25



465

470

475

480

485

490

495

500

505

510

515

https://doi.org/10.5194/hess-2023-56 Hydrology and
Preprint. Discussion started: 15 March 2023 Earth System
(© Author(s) 2023. CC BY 4.0 License. Sciences

Discussions
By

References

Amalia, S., Tangang, F., Ngai, S.T. and Juneng, L., 2019. Prediction Skill of NCEP CFSv2 for Seasonal Precipitation and Surface Air
Temperature Forecast over Southeast Asia. Sains Malaysiana, 48(11): 2325-2334.

Arnal, L., Cloke, H.L., Stephens, E., Wetterhall, F., Prudhomme, C., Neumann, J., Krzeminski, B. and Pappenberger, F., 2018. Skilful
seasonal forecasts of streamflow over Europe? Hydrol. Earth Syst. Sci., 22(4): 2057-2072.

Bedia, J. and lturbide, M., 2017a. TransformeR: An R package for climate data manipulation and transformation. R Package version 0.0.
14.

Bedia, J., Iturbide, M., Herrera, S. and Gutiérrez, J.M., 2018. loadeR: An R package for climate data access.

Bedia, M.J. and Iturbide, J.B.-M., S. Herrera, R. Manzanas, J.M. Gutiérrez, 2017b. downscaleR: an R package for statistical downscaling.

Bhend, J., Ripoldi, J., Mignani, C., Mahlstein, I., Hiller, R., Spirig, C., Liniger, M., Weigel, A., Bedia Jimenez, J. and De Felice, M., 2016.
easyVerification: Ensemble Forecast Verification for Large Data Sets.

Block, P., 2011. Tailoring seasonal climate forecasts for hydropower operations. Hydrol. Earth Syst. Sci., 15(4): 1355-1368.

Chen, K., Guo, S., Wang, J., Qin, P., He, S., Sun, S. and Naeini, M.R., 2019. Evaluation of GloFAS-Seasonal Forecasts for Cascade
Reservoir Impoundment Operation in the Upper Yangtze River, Water.

Chevuturi, A., Turner, A.G., Johnson, S., Weisheimer, A., Shonk, J.K.P., Stockdale, T.N. and Senan, R., 2021. Forecast skill of the Indian
monsoon and its onset in the ECMWF seasonal forecasting system 5 (SEASS). Climate Dynamics, 56(9): 2941-2957.

Cucchi, M., Weedon, G.P., Amici, A., Bellouin, N., Lange, S., Muller Schmied, H., Hersbach, H. and Buontempo, C., 2020. WFDES5:
bias-adjusted ERAS reanalysis data for impact studies. Earth Syst. Sci. Data, 12(3): 2097-2120.

Droppers, B., Franssen, W.H.P., van Vliet, M.T.H., Nijssen, B. and Ludwig, F., 2020. Simulating human impacts on global water
resources using VIC-5. Geosci. Model Dev., 13(10): 5029-5052.

Ebhuoma, E.E., 2020. A framework for integrating scientific forecasts with indigenous systems of weather forecasting in southern Nigeria.
Development in Practice, 30(4): 472-484.

Everingham, Y.L., Muchow, R.C., Stone, R.C., Inman-Bamber, N.G., Singels, A. and Bezuidenhout, C.N., 2002. Enhanced risk
management and decision-making capability across the sugarcane industry value chain based on seasonal climate forecasts.
Agricultural Systems, 74(3): 459-477.

Frias, M.D., lturbide, M., Manzanas, R., Bedia, J., Fernandez, J., Herrera, S., Cofifio, A.S. and Gutiérrez, J.M., 2018. An R package to
visualize and communicate uncertainty in seasonal climate prediction. Environmental Modelling & Software, 99: 101-110.

Gosain, A.K., Rao, S. and Basuray, D., 2006. Climate change impact assessment on hydrology of Indian river basins. Current Science,
90(3): 346-353.

Greuell, W., Franssen, W.H.P., Biemans, H. and Hutjes, R.W.A., 2018. Seasonal streamflow forecasts for Europe — Part I: Hindcast
verification with pseudo- and real observations. Hydrol. Earth Syst. Sci., 22(6): 3453-3472.

Greuell, W., Franssen, W.H.P. and Hutjes, R.W.A., 2019. Seasonal streamflow forecasts for Europe — Part 2: Sources of skill. Hydrol.
Earth Syst. Sci., 23(1): 371-391.

Greuell, W. and Hutjes, RW.A., 2022. Skill and sources of skill in seasonal streamflow hindcasts for South America made with
ECMWE’s SEASS and VIC. Journal of Hydrology: 128806.

Jackson-Blake, L.A., Clayer, F., de Eyto, E., French, A.S., Frias, M.D., Mercado-Bettin, D., Moore, T., Puértolas, L., Poole, R., Rinke, K.,
Shikhani, M., van der Linden, L. and Marcé, R., 2022. Opportunities for seasonal forecasting to support water management
outside the tropics. Hydrol. Earth Syst. Sci., 26(5): 1389-1406.

Johnson, S.J., Stockdale, T.N., Ferranti, L., Balmaseda, M.A., Molteni, F., Magnusson, L., Tietsche, S., Decremer, D., Weisheimer, A.,
Balsamo, G., Keeley, S.P.E., Mogensen, K., Zuo, H. and Monge-Sanz, B.M., 2019. SEAS5: the new ECMWF seasonal forecast
system. Geosci. Model Dev., 12(3): 1087-1117.

Juneng, L. and Tangang, F.T., 2005. Evolution of ENSO-related rainfall anomalies in Southeast Asia region and its relationship with
atmosphere—ocean variations in Indo-Pacific sector. Climate Dynamics, 25(4): 337-350.

Kirtphaiboon, S., Wongwises, P., Limsakul, A., Sooktawee, S. and Humphries, U., 2014. Rainfall Variability over Thailand Related to the
El Nino-Southern Oscillation (ENSO). Journal of Sustainable Energy & Environment, 5: 37-42.

Kompor, W., Yoshikawa, S. and Kanae, S., 2020. Use of Seasonal Streamflow Forecasts for Flood Mitigation with Adaptive Reservoir
Operation: A Case Study of the Chao Phraya River Basin, Thailand, in 2011, Water.

Kripalani, R.H. and Kulkarni, A., 1998. The Relationship Between some Large-scale Atmospheric Parameters and Rainfall over Southeast
Asia: A Comparison with Features over India. Theoretical and Applied Climatology, 59(1): 1-11.

Liang, X., Lettenmaier, D.P., Wood, E.F. and Burges, S.J., 1994. A simple hydrologically based model of land surface water and energy
fluxes for general circulation models. Journal of Geophysical Research: Atmospheres, 99(D7): 14415-14428.

Lieberman, V. and Buckley, B., 2012. The Impact of Climate on Southeast Asia, circa 950-1820: New Findings. Modern Asian Studies,
46(5): 1049-1096.

Loo, Y.Y., Billa, L. and Singh, A., 2015. Effect of climate change on seasonal monsoon in Asia and its impact on the variability of
monsoon rainfall in Southeast Asia. Geoscience Frontiers, 6(6): 817-823.

26



520

525

530

535

540

545

550

555

560

565

570

https://doi.org/10.5194/hess-2023-56 Hydrology and
Preprint. Discussion started: 15 March 2023 Earth System
(© Author(s) 2023. CC BY 4.0 License. Sciences

Discussions
By

Lucatero, D., Madsen, H., Refsgaard, J.C., Kidmose, J. and Jensen, K.H., 2018. Seasonal streamflow forecasts in the Ahlergaarde
catchment, Denmark: the effect of preprocessing and post-processing on skill and statistical consistency. Hydrol. Earth Syst.
Sci., 22(7): 3601-3617.

Misra, V. and DiNapoli, S., 2014. The variability of the Southeast Asian summer monsoon. International Journal of Climatology, 34(3):
893-901.

Murphy, A.H., 1993. What Is a Good Forecast? An Essay on the Nature of Goodness in Weather Forecasting. Weather and Forecasting,
8(2): 281-293.

Nijssen, B., O'Donnell, G.M., Lettenmaier, D.P., Lohmann, D. and Wood, E.F., 2001. Predicting the Discharge of Global Rivers. Journal
of Climate, 14(15): 3307-3323.

NOAA, 2023. El Nifio Southern Oscillation (ENSO).

Nyadzi, E., Werners, E.S., Biesbroek, R., Long, P.H., Franssen, W. and Ludwig, F., 2019. Verification of Seasonal Climate Forecast
toward Hydroclimatic Information Needs of Rice Farmers in Northern Ghana. Weather, Climate, and Society, 11(1): 127-142.

Ogutu, G.E.O., Franssen, W.H.P., Supit, I., Omondi, P. and Hutjes, R.W.A., 2017. Skill of ECMWF system-4 ensemble seasonal climate
forecasts for East Africa. International Journal of Climatology, 37(5): 2734-2756.

Olaniyan, E., Adefisan, E.A., Oni, F., Afiesimama, E., Balogun, A.A. and Lawal, K.A., 2018. Evaluation of the ECMWF Sub-seasonal to
Seasonal Precipitation Forecasts during the Peak of West Africa Monsoon in Nigeria. Frontiers in Environmental Science, 6.

Peel, M.C., Finlayson, B.L. and McMahon, T.A., 2007. Updated world map of the Kdppen-Geiger climate classification. Hydrol. Earth
Syst. Sci., 11(5): 1633-1644.

Petry, 1., Fan, F.M., Siqueira, V.A., Freitas, C. and Paranhos, C.S.A., 2021. Analysis of seasonal streamflow forecasts based on the
ECMWEF SEASS system for the 1983 south american historical flood at Itaipu dam. Simpdsio Brasileiro de Recursos Hidricos
(24.: 2021: Belo Horizonte). Anais [recurso eletrdnico]. Porto Alegre: ABRHidro, 2021.

Résénen, T.A. and Kummu, M., 2013. Spatiotemporal influences of ENSO on precipitation and flood pulse in the Mekong River Basin.
Journal of Hydrology, 476: 154-168.

Schaake, J.C., Hamill, T.M., Buizza, R. and Clark, M., 2007. HEPEX: The Hydrological Ensemble Prediction Experiment. Bulletin of the
American Meteorological Society, 88(10): 1541-1548.

Schmitt Quedi, E. and Mainardi Fan, F., 2020. Sub seasonal streamflow forecast assessment at large-scale basins. Journal of Hydrology,
584: 124635.

Sein, Z.M.M., Ogwang, B.A., Ongoma, V., Ogou, F.K. and Batebana, K., 2015. Inter-annual variability of summer monsoon rainfall over
Myanmar in relation to IOD and ENSO. Journal of Environmental and Agricultural Sciences, 4: 28-36.

Siegert, S., Bhend, J., Kroener, 1. and De Felice, M., 2020. Package ‘SpecsVerification’.

Supharatid, S., Nafung, J. and Aribarg, T., 2021. Projected changes in temperature and precipitation over mainland Southeast Asia by
CMIP6 models. Journal of Water and Climate Change, 13(1): 337-356.

ThemeRl, M.J., Gobiet, A. and Leuprecht, A., 2011. Empirical-statistical downscaling and error correction of daily precipitation from
regional climate models. International Journal of Climatology, 31(10): 1530-1544.

Trambauer, P., Werner, M., Winsemius, H.C., Maskey, S., Dutra, E. and Uhlenbrook, S., 2015. Hydrological drought forecasting and skill
assessment for the Limpopo River basin, southern Africa. Hydrol. Earth Syst. Sci., 19(4): 1695-1711.

Van Dijk, A.lJ.M., Pefia-Arancibia, J.L., Wood, E.F., Sheffield, J. and Beck, H.E., 2013. Global analysis of seasonal streamflow
predictability using an ensemble prediction system and observations from 6192 small catchments worldwide. Water Resources
Research, 49(5): 2729-2746.

Van Oldenborgh, G.J., Balmaseda, M.A., Ferranti, L., Stockdale, T.N. and Anderson, D.L.T., 2005. Did the ECMWF Seasonal Forecast
Model Outperform Statistical ENSO Forecast Models over the Last 15 Years? Journal of Climate, 18(16): 3240-3249.
Villafuerte, M.Q. and Matsumoto, J., 2015. Significant Influences of Global Mean Temperature and ENSO on Extreme Rainfall in

Southeast Asia. Journal of Climate, 28(5): 1905-1919.

Wang, N., Ren, H.-L., Deng, Y. and Zhao, S., 2021. Understanding the causes of rapidly declining prediction skill of the East Asian
summer monsoon rainfall with lead time in BCC_CSM1.1m. Climate Dynamics.

Wang, Q.J., Shao, Y., Song, Y., Schepen, A., Robertson, D.E., Ryu, D. and Pappenberger, F., 2019. An evaluation of ECMWF SEAS5
seasonal climate forecasts for Australia using a new forecast calibration algorithm. Environmental Modelling & Software, 122:
104550.

Xu, C., Chen, Y., Yang, Y., Hao, X. and Shen, Y., 2010. Hydrology and water resources variation and its response to regional climate
change in Xinjiang. Journal of Geographical Sciences, 20(4): 599-612.

Xu, Z.X., Takeuchi, K. and Ishidaira, H., 2004. Correlation between EI Nifio—Southern Oscillation (ENSO) and precipitation in South-east
Asia and the Pacific region. Hydrological Processes, 18(1): 107-123.

Yan, D., Werners, S.E., Ludwig, F. and Huang, H.Q., 2015. Hydrological response to climate change: The Pearl River, China under
different RCP scenarios. Journal of Hydrology: Regional Studies, 4: 228-245.

Yan, Y., Liu, B. and zZhu, C., 2021. Subseasonal Predictability of South China Sea Summer Monsoon Onset With the ECMWF S2S
Forecasting System. Geophysical Research Letters, 48(24): €2021GL095943.

27



575

580

https://doi.org/10.5194/hess-2023-56 Hydrology and
Preprint. Discussion started: 15 March 2023 Earth System
(© Author(s) 2023. CC BY 4.0 License. Sciences

Discussions
By

Yang, S., Zhang, Z., Kousky, V.E., Higgins, R.W., Yoo, S.-H., Liang, J. and Fan, Y., 2008. Simulations and Seasonal Prediction of the
Asian Summer Monsoon in the NCEP Climate Forecast System. Journal of Climate, 21(15): 3755-3775.

Yatagai, A., Kamiguchi, K., Arakawa, O., Hamada, A., Yasutomi, N. and Kitoh, A., 2012. APHRODITE: Constructing a Long-Term
Daily Gridded Precipitation Dataset for Asia Based on a Dense Network of Rain Gauges. Bulletin of the American
Meteorological Society, 93(9): 1401-1415.

Yuan, X., 2016. An experimental seasonal hydrological forecasting system over the Yellow River basin — Part 2: The added value from
climate forecast models. Hydrol. Earth Syst. Sci., 20(6): 2453-2466.

Yun, X, Tang, Q., Li, J.,, Lu, H., Zhang, L. and Chen, D., 2021. Can reservoir regulation mitigate future climate change induced
hydrological extremes in the Lancang-Mekong River Basin? Science of The Total Environment, 785: 147322.

28



