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Sub-seasonal to seasonal (S2S) precipitation forecasting has long been regarded as a “forecasting
desert” due to limited skill beyond seven lead days, undermining downstream hydrological forecasts.
However, the higher predictability of streamflow compared to precipitation, and its disproportionate
improvement relative to precipitation forecast, have often been overlooked. This study integrates a
distributed hydrological model with a probabilistic statistical model to enhance S2S flood forecast by
assimilating statistical hydroclimate relationships. The ensemble approach is validated at 24
hydrological stations across Pearl River Basin with complex hydrology. Its modest forecasts show
mean Nash-Sutcliffe Efficiency (NSE) scores ranging from 0.36 to 0.16 for weeks 2 to 6, and a 15%
improvement in Continuous Ranked Probability Score Skill (CRPSS) compared to hydrological model
alone. This study underscores the value of integrating physical and statistical models to improve S2S
streamflow prediction, offering a practical pathway to enhance forecast skill in flood-prone basins.

Floods account for nearly half of all the natural disaster-related economic
losses and fatalities, with global economic damages reaching $651 billion
between 2000 and 2019"". As climate change intensifies extreme rainfall
events, the frequency and severity of floods are projected to rise, highlighting
an urgent need for reliable flood forecasting’”. Timely and accurate pre-
dictions are essential for effective disaster management and mitigation, but
forecasting at the sub-seasonal to seasonal (S2S) scale remains a formidable
task due to the complex interactions between atmospheric conditions and
boundary factors®™.

Effective flood prediction relies on accurate precipitation forecasts
across various timescales. While short-term weather forecasts have high
accuracy, the skill of S2S forecasts sharply declines beyond one week,
earning it the label of “forecasting desert™"’. This is primarily due to the
chaotic nature of atmospheric dynamics, where initial conditions lose their
influence over time, making long-term (beyond one week) predictions
inherently difficult'"””. Although previous studies indicate that the

predictability of streamflow is better than that of precipitation'*", few
studies have been able to report quantitative performance scores, such as the
Nash-Sutcliffe Efficiency (NSE) or Kling-Gupta Efficiency (KGE), for S2S
flood forecasting. When available, these scores often show limited perfor-
mance, revealing a significant gap in predictive skill for these time scales''".

However, streamflow predictions can improve disproportionately
compared to precipitation forecasts' ™. This is not only because of the
hydrological memory that streamflow retains from long-term storage of
moisture in the system (e.g., groundwater and soil moisture)***', but also due
to the amplification of precipitation errors in streamflow”. Streamflow is
highly sensitive to precipitation, and even minor improvements in pre-
cipitation forecasts can lead to substantial gains in streamflow prediction
accuracy” . Current S2S flood forecasting methods primarily focus on
precipitation”, often overlooking two critical sources of predictability:
hydrological memory and precipitation-streamflow error propagation.
Moreover, the statistical model, by capturing the underlying relationships
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within the data, can effectively represent nonlinear relationships that are
difficult to simulate directly in physical models””. This gives statistical
models a distinct advantage in handling complex and indirectly observable
phenomena, thereby enhancing predictive skill. Studies have also shown
that combining hydrological models with data-driven approaches can
improve predictive performance compared to using data-driven models
alone””'. While most previous studies concentrated on short-range or
monthly-scale forecasts, several recent efforts have also examined how
forecast skill evolves with lead time at the daily scale” . Nevertheless,
relatively few studies have extended such analyses to the S2S timescale,
particularly using coupled physical-statistical modeling frameworks.

In this study, we extend this line of research by implementing a hybrid
framework that integrates the Dominant River Tracing-Routing Integrated
with Variable Infiltration Capacity Environment (DRIVE) model with a
Bayesian Joint Probability (BJP) model, specifically designed for improving
S2S streamflow predictions in the Pearl River Basin (PRB). The PRB was
selected for its significance as one of the world’s most densely populated and
economically vital regions, home to 230 million people and a GDP of $1.9
trillion. Its rain-dominant basin (453,690 km?), hilly topography, and rapid
rainfall-runoff response make it one of the most challenging regions for S2S
scale forecasting and among the most high-risk flood prone areas in the
world™*. This complexity underscores the value of our approach, which
integrates hydrological model and statistical model to overcome difficulties
in S28 streamflow forecast. While the current evaluation is limited to a single
large basin, the modeling strategy builds upon the Global Flood Monitoring
System (GFMS)”™* based on the DRIVE model and the well-established
BJP model, suggesting possible broader applicability, although its transfer-
ability requires further assessment through comprehensive multi-basin
validation.

Results

Overall assessment of forecasts

The streamflow in the PRB was simulated at the sub-seasonal to seasonal
scale using two integration approaches (E1 and E2) that couple the physical
model (DRIVE) with the statistical model (BJP) (see “Methods”). The E1
scheme primarily couples ensemble physical models and statistical models
to highlight the benefits of model integration. The E2 scheme, building upon
the E1 approach, further incorporates boundary conditions and S2S pre-
cipitation data to enhance the overall predictive skill. The results from both
schemes were compared with those standalone model simulations to assess
the simulation.

The ensemble simulations show a considerable improvement in per-
formance over the individual physical and statistical models as lead times
increase (Fig. 1a). Specifically, for the 2-6 week forecast period, the average
NSE values were 0.23 for the E2 scheme, 0.22 for E1, 0.08 for DRIVE, and
0.12 for BJP. Furthermore, the boxplots indicate a marked narrowing of
interquartile ranges with extended lead times, particularly for the
E2 scheme, which exhibited shorter whiskers and fewer outliers. As the
forecast period extends from the first week to the sixth week, the proportion
of forecasts with NSE greater than 0 decreases for each scheme (Fig. 1b). For
the E2 scheme, this proportion decreases from 99.7% to 98.5%; for the
E1 scheme, from 98.8% to 96.9%; for the DRIVE scheme, from 92.4% to
65.9%; and for the BJP scheme, from 99.6% to 74.3% (Supplementary Table
1). This trend indicates that the E2 scheme performs better than individual
models at the S2S timescale, providing good agreement with observed data
and relatively small errors.

At the one-week forecast horizon, the DRIVE model achieves the
highest proportion of forecasts with NSE greater than 0.5 (46.7%), out-
performing the two ensemble models (34.5% and 35.7% for E1 and E2,
respectively) and the BJP model (22.8%) (Fig. 1b). This indicates that
physical models exhibit superior predictive skill and accuracy under strin-
gent criteria for shorter forecast horizons. However, the performance of the
physical model declines rapidly as the forecast period extends, particularly
when transitioning from sub-weekly to weekly scales and from sub-monthly
to monthly scales. For example, as the forecast horizon increases from the

first week to the second week, the proportion of forecasts with NSE <0
increases from 7.6% to 15.0%, representing a 97.4% relative increase.
Similarly, when the forecast horizon extends from the fourth week to the
fifth week, this proportion increases from 20.2% to 28.3%, a 40.1% rise.

However, when the forecast horizon extends to 2-6 weeks, the boxplots
for the top 50% of forecasts from physical models closely align with those
from the ensemble models, while remaining notably higher than those from
the statistical models (Fig. 1a). This suggests that although physical models
exhibit considerable uncertainty at longer lead times (2-6 week), which
limits their practical usage as standalone methods, they can still provide
accurate predictions under scenarios with diverse climate forcing and model
parameter settings. This provides the basis for ensemble models effectively
mitigating the physical modeling deterioration by the incorporation of
statistical components. At a forecast horizon of 6 weeks, the proportion of
forecasts with NSE < 0 is only 3.1% for E1 and to 1.5% for E2, demonstrating
that model coupling enhances the predictive capabilities of the physical
model while addressing its rapid performance decline over longer lead times
by incorporating with the statistical model.

To further assess the applicability of the proposed methods in flood
event forecasting, we identified flood events at each station within the study
area (see “Methods”). The simulation results from different forecasting
schemes were then evaluated against the observed streamflow records, and
both the Probability of Detection (POD) and the False Alarm Ratio (FAR)
were calculated (Supplementary Fig. 1).

During the short-term forecast periods (1-7 and 8-14 days), DRIVE,
El, and E2 outperform BJP with notably higher POD values. Particularly for
the 1-7 days interval, all three methods exhibit median POD values above
0.6, whereas BJP lags behind at ~0.45. This suggests that the physically based
and hybrid models are more capable of detecting extreme events at shorter
lead times. Regarding FAR, BJP exhibits consistently higher false alarm
rates, especially in the 22-28 day and later intervals, where the median FAR
approaches or even exceeds 0.8. This indicates a tendency toward excessive
false positives in medium-to-long-range forecasts. In contrast, E1 and
E2 show relatively stable FAR values, generally below 0.5, suggesting better
reliability. It is worth noting that E2 achieves relatively high POD and low
FAR across most lead time intervals, highlighting its superior balance
between detection and false alarm. This makes it particularly suitable for
sub-seasonal to seasonal (S2S) forecasting applications.

Upstream and downstream applicability evaluation

Within the PRB, the varying topography, soil types, and vegetation across
different catchment areas lead to distinct hydrological responses. Therefore,
assessing model performance and applicability across the river basin and
forecast lead times is crucial. Figure 2 presents the performance of the
models for forecast periods ranging from 1 to 44 days across 24 stations,
arranged in order of generally increasing catchment area (from up to bottom
along the Y-axis).

BJP models show increasing performance as catchment area increases,
while the DRIVE model shows an increasing trend up to a one-week lead
time (Supplementary Fig. 2). Specifically, DRIVE outperforms BJP for short
lead times, particularly within the first week (Fig. 2a, b). However, as the
forecast horizon extends, DRIVE experiences pronounced performance
degradation in certain catchments, highlighting challenges in numerical
modeling due to inefficiencies in climate forcing inputs. In contrast,
although BJP generally shows lower skill than DRIVE across most locations
and lead times, its performance degradation with increasing forecast hor-
izon and variability across catchments is less pronounced. Importantly, in
regions where DRIVE exhibits poor performance at the S2S timescale
(highlighted by blue strips), the BJP model better captures the persistent
signals from climate and hydrological variables, providing more stable and
reliable forecasts at longer lead times.

Figure 2 demonstrates that the ensemble schemes E1 and E2 effectively
combine the strengths of both models across the entire PRB (Fig. 2¢, d). Both
ensemble schemes, E1 and E2, demonstrate notable improvements over
either the BJP or DRIVE schemes across the basin and forecast lead times,
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Fig. 1 | Overall distribution characteristics of NSE scores across forecasting
schemes, NWP models, and lead times in the Pearl River Basin. a Statistical
distribution of Nash-Sutcliffe Efficiency (NSE) scores obtained from 4 Numerical
Weather Prediction (NWP) models across 24 gauging stations in the Pearl River
Basin (PRB) for 6 forecast lead times. Box plots represent four forecasting schemes,
with red, orange, blue, and green boxes corresponding to BJP (B), DRIVE(D), E1,
and E2, respectively. For each box, the triangle indicates the mean NSE for the
scheme at the corresponding lead time, while x marks denote outliers. b depicts the

same NSE dataset as in (a), classified into four performance categories: NSE < 0
(red), 0-0.25 (blue), 0.25-0.5 (green), and 0.5 (yellow), and displayed as histo-
grams. For each of the six lead times, four bars are shown representing the four
schemes (B, D, E1, and E2) to illustrate the frequency of each skill level across
schemes. The result incorporates four Numerical Weather Prediction (NWP)
models, 24 sites, and six leading forecast periods (lead days), resulting in a total of
672 times.
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Fig. 2 | Comparison of NSE performance across schemes and improvement of the
E2 scheme. a-d Present the NSE values of 24 stations across lead times of 1-44 days
for four schemes (BJP, DRIVE, E1, and E2), respectively. e, f Show the differences in
NSE between E2 and DRIVE, and between E2 and BJP, highlighting the

improvements introduced by the E2 scheme. The x-axis represents lead times from 1
to 44 days, and the y-axis lists stations in ascending order of catchment area from top
to bottom. Station names are shown as initials, with full names provided in Sup-
plementary Table S3.

with E2 slightly outperforming E1. The E2 ensemble mitigates the severe
degradation of performance in upstream catchments by BJP and in
downstream catchments by DRIVE over extended lead times (Fig. 2e, f). As
a result, E2 maintains the highest skill and slowest decay, achieving a mean
NSE score of 0.45, 0.36, 0.28, 0.20, 0.16 and 0.16 for weeks 1-6, respectively,
demonstrating valuable forecasting skill up to six weeks. In contrast, indi-
vidual methods show little to no skill for the weeks 5-6 forecasting, with
DRIVE and BJP yielding negative or very low NSE scores (Supplementary
Table 2), highlighting the efficacy of the proposed ensemble schemes.
Further analysis of stations with considerable improvements—such as
Nanning and Guigang—shows that ensemble schemes outperform DRIVE,
particularly in regions with larger catchments (Supplementary Fig. 3). As
lead time increases, the decay in performance for the E2 scheme is slower

than that for DRIVE, resulting in a longer predictability horizon. Notably,
the ensemble forecasts reduce the occurrence of spurious flood peaks and
adjust underfitted flows, thus enhancing forecast accuracy.

Evaluation of relative performance in probabilistic forecasting

While NSE is commonly used to evaluate deterministic forecast accuracy, it
does not account for the uncertainty in predictions”. In contrast, the
Continuous Ranked Probability Score (CRPS) is used to quantify the dif-
ference between the predicted probability distribution and the actual
observed value. Unlike a single-point forecast, CRPS accounts for both the
shape of the predicted distribution and its proximity to the true observed
value, providing a more comprehensive measure of forecast performance.
However, the value of CRPS itself has no absolute meaning, as it is
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influenced by the scale of the data and the predicted distribution. To address
this issue, Continuous Ranked Probability Score Skill (CRPSS) is commonly
used to assess the relative performance of probabilistic forecasts compared
to a reference forecast. In this study, we use a climatology-based forecast, the
DRIVE model, and the BJP model as reference forecasts to evaluate the
performance of the ensemble forecasting.

A climatology-based forecast, derived solely from the historical dis-
tribution of the forecast variable (streamflow), is used as a baseline to
evaluate the added value of ensemble forecasts generated from models.
Results show that the two ensemble schemes (E1 and E2) consistently
outperform the climatology-based forecast, demonstrating the reliability of
the ensemble approach. The improvement is more pronounced at shorter
lead times, indicating that the inclusion of forecasting predictors sig-
nificantly enhances model performance in the short term. When the stan-
dalone physical model (DRIVE) is used as the benchmark, results show that
both ensemble schemes consistently outperform it across all forecast lead
times, with median CRPSS values exceeding 15%. The improvement
becomes more substantial as the lead time increases. Similarly, when
compared to the standalone statistical model (BJP, Fig. 3b), both ensemble
schemes again show superior performance at all lead times, with median
CRPSS values exceeding 8%.

In addition to CRPSS-based comparisons, the PIT histogram results
indicate that the E2 scheme provides a notably better fit to the distribution of
observations compared to the BJP scheme (Supplementary Fig. 4). A two-
sample Kolmogorov-Smirnov test confirms that the distributions of the PIT
values from the two schemes are significantly different (p-value <0.01).
Specifically, the BJP scheme exhibits a pronounced inverted U-shaped
pattern, suggesting that the forecasts are over dispersed with wider dis-
tributions. This might reflect an overly conservative estimation by the
model. Additionally, a sharp peak near one implies that the model fails to
capture extreme flood events, while the E2 scheme substantially mitigates
both issues, with the improvements more pronounced at longer lead times.

To further evaluate forecast uncertainty, we conducted an additional
analysis comparing ensemble spread (ie., the standard deviation of
ensemble members) with the actual forecast error (i.e., the difference
between the ensemble mean and the observation) at a representative station
(Supplementary Fig. 5). The average correlation coefficient between
ensemble spread and actual forecast error is 0.53 (p < 0.001), indicating a
significant moderate positive relationship. This suggests that the ensemble
forecast uncertainty can to some extent reflect the variation of the actual
error. However, the average slope is only 0.39, implying that the ensemble
spread generally overestimates the actual error and that there is some degree
of overdispersion or miscalibration. In summary, the current ensemble
forecasting system can reasonably capture changes in uncertainty, but its
quantification of uncertainty can still be improved. Future work could focus
on calibration methods to enhance the reliability of ensemble spread and the
accuracy of forecasts.

These results highlight the advantages of the ensemble approach over
individual models in probabilistic forecasting. Combining deterministic and
uncertainty metrics provides a comprehensive assessment, confirming the
model’s accuracy and adaptability under uncertainty, thus aiding in
decision-making. This integrated approach helps users evaluate the model’s
effectiveness and reliability in practical applications.

Discussion

In this study, we propose an ensemble approach that combines a distributed
hydrological model (DRIVE) with a statistical model (BJP) to simulate S2S
streamflow in the Pearl River Basin. The DRIVE hydrological model
simulates the watershed hydrological characteristics, while the BJP statistical
model captures relationships among initial flow, sub-seasonal precipitation,
forecasted streamflow, and actual streamflow for predictions. We compare
the predictive performance of this combined approach with individual
models and assess its applicability across various stations within the PRB. To
better illustrate the differences in S2S streamflow forecasting skills across
models and how these differences may relate to predictability driven by the

atmosphere, land surface, and ocean, we compared the variation in model
skills across lead times against the conceptual predictability framework
proposed by Dirmeyer*’ which is based on the well explored literature**, as
shown in Fig. 4. It is important to note that it represents a theoretical upper
bound under idealized conditions for qualitative reference, rather than for
direct quantitative comparison.

Among the models evaluated, DRIVE shows superior performance in
short-term forecasts, while the E2 ensemble approach outperforms others
for mid-to-long term forecasts by achieving both higher accuracy and lower
variability in S2S streamflow predictions. In short-term forecasting, where
precipitation forecasts are generally accurate, DRIVE effectively simulates
runoff processes, providing corresponding predictions. However, for longer
lead times, errors in precipitation forecasts tend to accumulate, which
amplifies streamflow errors in physically based models that rely on partial
differential equations. This leads to a rapid decline in simulation
performance'””’. However, the performance of DRIVE deteriorates after the
forecast horizon exceeds one week (depending on the upstream drainage
area) and may even improve when the land surface processes, influenced by
hydrological memory, come into play (orange line in Fig. 4a)*’. The role of
the land surface becomes increasingly important for improving forecast
accuracy beyond one week®. Not only do atmospheric initial conditions
matter, but the moisture memory of the underlying surface also influences
streamflow forecasts**”. Therefore, although the forecasting ability of
physical models may degrade with longer lead time, this degradation is not
as substantial as that of atmospheric predictability (as seen in the orange line
in Fig. 4a compared to yellow line in Fig. 4b).

Additionally, flood occurrence is heavily influenced by climatic factors.
Studies suggest that these climate drivers could have a greater impact on
hydro-meteorological processes than precipitation alone, complicating
flood forecasting at the S2S scale’™. The introduction of the BJP model
addresses the limitations of relying on physical models. It uses historical data
to fit joint probability distributions, which helps capture complex rela-
tionships between key variables such as precipitation, initial flow, and
streamflow. Therefore, The BJP model begins to outperform the DRIVE
model at approximately three weeks (red line in Fig. 4a).

Different basins exhibit considerable variation in underlying surface
characteristics, such as topographic relief, soil types, and vegetation cover, all
of which influence runoff generation and concentration processes. Given
the large variability in catchment areas across different stations, the spatial
heterogeneity results in differing response characteristics of physical models
to precipitation in runoff simulations. This is particularly evident at stations
with steep slopes or highly undulating terrain, where the strong runoff
response makes the physical model highly sensitive to changes in
precipitation®"”, As the forecast period increases and precipitation forecast
accuracy decays, the S2S streamflow prediction for these stations becomes
more challenging. However, the Bayesian joint probability forecasting
method can mitigate this sensitivity by combining prior knowledge with
new observational data through prior distributions and likelihood functions,
generating a probability distribution to express uncertainty. In this study, we
employed an ensemble forecasting approach to leverage the high simulation
performance of the DRIVE model in the short-term forecast period, while
also utilizing the BJP model to capture the complex relationships among key
variables, thereby extending the predictability of streamflow simulations
over a longer forecast horizon. Additionally, we incorporated initial
boundary conditions and climate data to further enhance the simulation
accuracy and performance.

However, the performance of these forecasting methods is not
always consistent, as they are influenced by a variety of factors,
including model uncertainty and the quality of input data. As a result,
evaluating the effectiveness and accuracy of probabilistic forecasting
becomes crucial, particularly in regions with complex basin char-
acteristics. Probabilistic forecasting offers an effective means of
addressing uncertainty and enhancing forecast reliability, particularly
in complex catchments. The results indicate that ensemble forecasts
outperform predictions from the DRIVE model (CRPSS median > 15%)
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Fig. 3 | CRPSS distributions across lead times for

CRPS Skill : Ensemble vs. Climatology

different ensemble schemes. Continuous Ranked
Probability Score Skill (CRPSS) is shown relative to
a the climatology forecast, b the DRIVE model, and
¢ the BJP model at 24 evaluation gauges. Blue boxes
represent ensemble scheme E1, and green boxes
represent ensemble scheme E2.
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and the BJP model (CRPSS median > 8%). As a result, both ensemble
approaches outperform the individual BJP method and the DRIVE
model in terms of forecast accuracy.

To sum up, recent advancements in NWP, DRIVE, and BJP modeling
demonstrate that the integration of physical and statistical models notably
improve the forecasting ability of streamflow at the S2S scale. Previous

studies indicate that streamflow forecast lead times were generally limited to
5-10 days (NSE > 0)"*, and KGE values of < —0.50 were observed for large
flood events at a 2-week lead time'®. In comparison, the results presented
here extend forecast skill at longer lead times. Although ensemble methods
generally improve forecast robustness, their use of mean or median aggre-
gation may smooth out extreme signals, potentially leading to inferior
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mainly on the atmosphere, 2-4 week forecasts require land surface information, and
forecasts beyond 30 days rely on ocean conditions such as sea surface temperature
variations linked to El Nifo. It represents the theoretical upper bound of forecast
skill under ideal conditions. This framework is included solely to provide qualitative
context for interpreting the temporal evolution of actual model skill.

performance compared to well-initialized physical models in short-term
forecasts. As a result, the benefits of integration are relatively limited for
short lead times (green line in Fig. 4a). The superior performance of physical
models in this range is largely attributed to their high sensitivity to accurate
initial and boundary conditions, which can typically be well represented
over short forecasting horizons.

In contrast, at longer lead times, the integration of physical and sta-
tistical models proves more beneficial. The E2 scheme outperforms the
E1 scheme likely due to the implicit interdependencies among variables
embedded in initial conditions and S2S precipitation, which are better
captured through a hybrid approach. This synergy enhances the predict-
ability of S2S streamflow and underscores the value of model integration,
not as a simple substitution, but as a complementary strategy that leverages
the strengths of each component: process understanding from physical
models and data-driven correction from statistical models.

While the combination of models may not be optimal and exhibits
limitations in underestimate of flood peak magnitudes and increasing
FAR atlonger lead times, this study provides a valuable proof of concept
for integrating physical and statistical approaches on the S2S timescale.
In current operational flood forecasting, although the overall perfor-
mance of the hybrid framework surpasses that of the standalone phy-
sical model, the physical model (DRIVE) exhibits superior capability in
representing high-flow magnitudes and extreme events. This strength
of physically based models should not be ignored as they provide
process-based information that statistical approaches tend to overlook.
Therefore, the hybrid framework should not be regarded as a complete
replacement for physical models, but rather as a complementary
component within an integrated forecasting system to enhance the lead
time and reliability of flood prediction. Although restricted to the Pearl
River Basin with 3.5 years of data, the findings suggest that the insights
gained here can inform future applications with longer records and
across diverse hydroclimatic regions. In particular, future work should
include extending the record length and test the framework in multiple
basins representing diverse hydroclimatic settings, to provide a more
robust and generalizable evaluation. Furthermore, recent developments
in fully differentiable and physics-guided data science frameworks, such
as physics-informed neural networks and differentiable hydrological
models, offer promising ways to incorporate physical knowledge into
machine learning models. These hybrid approaches are expected to
enhance the accuracy, interpretability, and reliability of S2S forecasts,
especially alongside ongoing improvements in NWP precipitation
forecasting and Al techniques.

Methods

Streamflow data

The Pearl River is the third longest river and the second largest in terms of
basin area in China, covering 453,690 square kilometers (Fig. 5a). The Pearl
River Basin (PRB), located between 18°N and 27°N and 100°E and 118°E, is
characterized by a subtropical climate and diverse hydrological features. The
mean annual temperature ranges from 14 °C to 22 °C, and annual pre-
cipitation varies between 1200 mm and 2200 mm®’. The basin’s average
annual runoff is 260 km’, ranking second in flow magnitude in China, sixth
in Asia, and eighteenth globally’. The influence of the East Asian monsoon
leads to uneven distribution of discharge throughout the year. Specifically,
the accumulated discharge from April to September accounts for ~80% of
the total annual discharge, with May-August contributing to more than
50% of the total. To evaluate the simulation’s accuracy, streamflow data
from 24 gauging stations within the PRB were utilized (Fig. 5a and Sup-
plementary Table 3). The streamflow data were obtained from the open
source at National Hydrological and Rainfall Information Network, Min-
istry of Water Resources of China (http://xxfb.mwr.cn/sq_djdh.html).
These data offer valuable insights into the region’s diverse hydrological
responses. The locations and detailed information of these gauging stations
provide critical support for understanding the hydrological characteristics
of the basin.

Meteorological data

In this study, meteorological data including satellite-derived precipitation,
forecast precipitation, and other atmospheric variables were used. Specifi-
cally, satellite-derived precipitation data were utilized for the control
experiment simulations, while forecast precipitation data were employed for
streamflow predictions in the DRIVE model’s forecasting mode. Additional
meteorological variables were applied for the model initialization.

Satellite-derived precipitation data were sourced from the Climate
Hazards Group InfraRed Precipitation with Station data (CHIRPS v2.0
https://www.chc.ucsb.edu/data/chirps). This dataset integrates real-time
station data with satellite infrared imagery to provide accurate precipitation
estimates™. This data records global precipitation from 1981 to the present,
with a spatial resolution of 0.05° and daily gridded precipitation time series,
covering latitudes from 50°N to 50°S.

Forecast precipitation data are obtained from the ECMWF public
dataset S2S prediction, which comprises 13 models providing forecasts for
variables at various pressure levels and surface variables™. Forecast range is
up to 60 days at a spatial resolution of 1.5 degrees. We established a selection
criterion demanding models to provide initialized forecasts spanning from
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Fig. 5 | Study area and methodological framework. a Digital elevation map (DEM)
and river network of the Pearl River Basin, with gauging locations marked by red
dots and labeled by their respective catchment IDs. The inset (left) shows the
location of the Pearl River Basin within China, in addition to the PRB sub-basin
layout, including the Dong]Jiang, BeiJiang, and XiJiang sub-basins as well as the Pear]

River Delta (right). b Overall flowchart of this study, illustrating the integration of
the DRIVE model (orange line), the BJP model (red line), and their combined
modeling approaches (E1: blue line; E2: green line). All outputs represent
streamflow.

2016 to 2022, ensuring continuous forecast availability, in near-real-time by
2023, with at least a 44-day lead time. Four models, namely ECMWF, KMA,
UKMO, and NCEP, met this criterion, as detailed in Supplementary Table 4.
The forecast quality of these models has been independently evaluated®,
which showed their relative strengths and limitations. Therefore, we do not
repeat the detailed precipitation skill evaluation here and instead focus on
assessing the hydrological predictability based on these validated inputs.

Other atmospheric variables including air temperature, downward
solar and longwave radiation, relative humidity, surface pressure, and wind
speed are from ERA-5 reanalysis, offering hourly temporal resolution and
0.25-degree spatial resolution””.

Hydrological modeling

The DRIVE model integrates the Variable Infiltration Capacity Macroscale
Hydrologic Model (VIC) with the Dominant River Tracing based Routing
Model (DRTR)**". VIC calculates surface and subsurface runoff by expli-
citly representing precipitation partitioning into rainfall and snowfall, snow
accumulation and melt, infiltration into a multi-layer soil column, evapo-
transpiration (including canopy interception, soil evaporation, and

vegetation transpiration), and drainage that generates both surface runoff
and baseflow. This model employs a variable infiltration curve that accounts
for multi-layer soil infiltration and various land cover types to compute the
runoff volume for each grid cell (0.125° x 0.125°)*>*. The meteorological
forcing was downscaled using nearest neighbor interpolation. The DRTR
routing module simulates the movement of water in terrestrial and river grid
cells, conducting flood forecasting computations by solving the kinematic
wave equation for natural watershed systems, based on Strahler order river
network coding™. This provides results for each time step, including river
flow, surface water storage, inundation depth, and extent®"*.

The performance of DRIVE has been extensively validated and
widely applied in various research fields, providing crucial scientific
support for flood prevention and disaster reduction efforts®"**”’. In a
companion study®, DRIVE forced with S2S precipitation was bench-
marked against the Ensemble Streamflow Prediction (ESP) method,
demonstrating reasonable performance and providing detailed cali-
bration and validation for the Pear]l River Basin. Building on this
foundation, the present study integrates DRIVE (VIC 4+ DRTR) with
the probabilistic BJP model and positions the resulting forecast skill
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within the context of prior S2S research'>'®, showing that the integrated
framework achieves skill comparable to or exceeding previously
reported values in rain-dominated settings.

Statistical modeling
The BJP model, originally designed for seasonal streamflow prediction” ",
has been extended to effectively forecast sub-seasonal to seasonal stream-
flow patterns’’®. By capturing the statistical relationships between key
hydrological variables, the BJP model has demonstrated improved pre-
dictive performance across various lead times. It describes the relationship
between predictors and predictands using marginal and conditional prob-
ability distributions, which allows flexible handling of non-linear and
asymmetric dependencies. While the full derivation of the underlying dis-
tributions and the Gibbs sampling procedure is detailed in previous studies,
including the algorithm and pseudocode by Wang et al.”’, we provide only a
brief summary of the implementation relevant to this study.

To standardize all variables and improve model performance, we apply
a log-sinh transformation as follows:

1
z= Xlog(sinh[s + ) (1)
where y is the pre-transformation variable, z is the post-transformation
variable, and ¢ and A are transformation parameters. The Bayesian
Maximum Posteriori method”® is used to estimate optimal parameter values,
assuming the transformed variables follow a multivariate normal distribu-
tion:

z~ N(u,2) 2

where y and Z are the mean and covariance matrics, respectively. Through
Bayesian inference, we explore the posterior distribution:

p(OID) o p(O)p(D|6) 3)

where 0 represents the parameters, including ¢ and 2. p(6) is the prior
distribution of the parameters, p(D|6) is the likelihood function, and D =
{z(t),t = 1,2,...,n} is the dataset. We use the non-informative multi-
variate Jeffreys prior’”, a common objective prior in Bayesian statistics. It is
designed to minimize subjective input, allowing the data to play a dominant
role in the inference process.

p(0) = p(u, =) oc ||~/ 4)

where d represents the combined number of predictands and predictors.
Using the BJP model, we calibrate new prediction results y(t') or z(') as
follows:

flaa)) = / P(zy(t)1z, (), O)p(01D)d6 ©)

We obtain samples of z,(t') through Gibbs sampling. Gibbs sampling
simplifies the computation process of high-dimensional complex models by
sequentially sampling from the conditional distributions, thereby effectively
estimating the probability of flooding and related uncertainties. In this
study, we assessed convergence based on the stability of posterior
parameters and the length of the sampling process. For the BJP sampler,
we ran 6000 iterations and discarded the first 2000 as burn-in. The trace
plots of key parameters (means and covariance elements) show that most
sampled values lie within +2 standard deviations of the posterior mean,
exhibiting only minor fluctuations around the mean and no long-term drift
(Supplementary Fig. 6). The visual diagnostics indicate that the chains are
well-mixed, stationary, and have successfully converged. Finally, the
backward transformation method is applied to convert the transformed
variables z,(t’) into forecasted streamflow values y, (t').

Integrating numerical and statistical modeling

This study explores the integration of the DRIVE and BJP models to

enhance S2§ streamflow forecasting. The DRIVE model is executed using

catchment attribute datasets and meteorological forcing data, including

ERAD5 reanalysis and CHIRPS precipitation data. These results serve as a

benchmark experiment, providing a well-characterized depiction of the

basin’s initial conditions for accurate forecasting (black line in Fig. 5b).

The coupling strategy between DRIVE and BJP was designed to sys-
tematically utilize physically based hydrological states as predictors in the
statistical framework. Specifically, DRIVE outputs daily streamflow simu-
lations for each ensemble member under S2S precipitation forecasts. For the
integration, we extracted ensemble-mean streamflow values from DRIVE
forecasts and used them as predictor variables for BJP, thereby incorpor-
ating physically simulated streamflow information into the statistical post-
processing.

To further enhance predictive performance, two configurations of
coupling were tested:

(1) EI:BJP model uses DRIVE-forecasted streamflow as the sole predictor,
reflecting the value of hydrological simulations without external
predictors (blue line in Fig. 5b).

(2) E2: BJP model uses a combined predictor set including DRIVE-
forecasted streamflow, observed streamflow on the initial date, and S2S
precipitation forecasts, to capture both initial state information and
anticipated meteorological drivers (green line in Fig. 5b).

This multi-input design was implemented in BJP by extending its
predictor matrix and applying the same Bayesian joint probability modeling
approach across all predictors.

To systematically evaluate performance and highlight the added value
of the coupled approach, we designed two control schemes:

(1) BJP: BJP model with streamflow on the initial date and S2S pre-
cipitation (red line in Fig. 5b).

(2) DRIVE: DRIVE forecasting mode with S2S precipitation input (orange
line in Fig. 5b).

The ensemble generation process for DRIVE was based on all available
S2S ensemble members. Each member was run independently through
DRIVE’s hydrological and routing modules, which consist of VIC for water
and energy balance at 0.125° resolution and DRTR for routing via the
kinematic wave equation. Model outputs were then averaged to provide a
robust predictor for the BJP model, minimizing the effect of individual
ensemble uncertainty.

We adopted a leave-one-day-out cross-validation over the full period
from June 2019 to December 2022. Each day was sequentially used as the
validation set, with all other days for training, to evaluate overall model
performance across diverse hydrological conditions. This comprehensive
approach covers normal and flood events throughout the entire timeframe,
providing a detailed assessment of the model’s robustness and general-
ization ability. This ensemble approach amalgamates various modeling
techniques to improve streamflow prediction capabilities compared to using
a single model alone.

Validation metrics

The efficacy of model simulations is evaluated using both deterministic and
probabilistic forecast indicators. For the deterministic assessment, the
Nash-Sutcliffe Efficiency (NSE) is used to quantify the proximity between
observed and simulated data. The NSE ranges from negative infinity to 1,
with values closer to 1 signifying superior predictive precision. It is calcu-
lated as:

NSE=1- Z (0; = P /(0,— 0)° ©)
i=1

where O is the observed value; P, is the predicted value; O is the mean of the
observed values; and 7 is the number of observations.
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In addition to this continuous metric, categorical verification metrics
were used to assess the capability of the forecasting methods in detecting
flood events. We defined as streamflow values exceeding the 90th percentile
plus 0.5 times the standard deviation'. Binary flood labels were assigned to
both observed and predicted series based on this threshold. Using the
resulting contingency table, two skill scores were computed:

Probabilit Detection(POD) = 7
robability of Detection( ) H+ M (7)
. F
False Alarm Ratio(FAR) = —— (©)]
H+F

Here, POD quantifies the fraction of observed flood events that were cor-
rectly forecast, FAR reflects the proportion of predicted flood events that did
not occur. H refers to the number of correctly predicted flood events (hits),
M is the number of missed flood events, and F denotes the number of false
alarms.

Probabilistic forecasts are assessed utilizing the Continuous Ranked
Probability Score (CRPS)* and Probability Integral Transform (PIT)",
which measure the discrepancy between the predicted cumulative dis-
tribution and the observed outcome. CRPS is calculated as:

CRPS(F, y) = / [F(x) — H(y — 0)[dx ©

where F(x) is the predicted cumulative distribution function (CDF) and
H(y — x) is the Heaviside step function. Lower CRPS values indicate better
agreement between forecasted and observed distributions. The model pre-
dictions were also compared with reference predictions using skill scores:

CRPS,; — CRPS
CRPS,,;

CRPS Skill = x 100% (10)

Higher CRPSS values indicate greater forecasting accuracy.

For observed values x,, x,, . .., x,, suppose the model provides cor-
responding cumulative distribution functions F,, F,, ..., F,. With well-
calibrated, the Probability Integral Transform (PIT) values generally follow
a uniform distribution on the interval [0, 1]:

z,.:Fi(x,.)7fori:1,27...7n (11)

To evaluate whether the PIT values from different schemes are drawn
from the same distribution, we perform the two-sample
Kolmogorov-Smirnov (KS) test. The KS test statistic is defined as:

Dnm = sup |Fn(x) - Gm(x)l (12)

where F,(x) and G,,(x) represent the empirical cumulative distribution
functions (ECDFs) of the two samples. The test measures the maximum
distance between them to evaluate whether the two distributions differ
significantly.

Data availability

The Climate Hazards Group InfraRed Precipitation with Station data can be
accessed through the Climate Hazards Center website (https://www.chc.
ucsb.edu/data/chirps). The Forecast precipitation data are obtained from
the ECMWE public dataset S2S prediction and is available online at (https://
apps.ecmwtf.int/datasets/data/s2s-realtime-instantaneous-accum-kwbc/
levtype=sfc/type=cf/). ERA-5 reanalysis data is available online at(https://
cds.climate.copernicus.eu/datasets/reanalysis-era5-land?tab=overview).
The streamflow data were obtained from the open source at National
Hydrological and Rainfall Information Network, Ministry of Water
Resources of China (http://xxfb.mwr.cn/sq_djdh.html).

Code availability

The codes used for our calculations are available on request from authors.
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