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Abstract: Integrating numerical weather forecasts that provide ensemble precipitation forecasts,
land surface hydrological modeling that resolves surface and subsurface hydrological processes,
and artificial intelligence techniques that correct the forecast bias, known as the “meteo-hydro-AI”
approach, has emerged as a popular flood forecast method. However, its performance during extreme
flood events across different interval basins has received less attention. Here, we evaluated the meteo-
hydro-AI approach for forecasting extreme flood events from headwater to downstream sub-basins
in the Luo River basin during 2010–2017, with forecast lead times up to 7 days. The proposed meteo-
hydro approach based on ECMWF weather forecasts and the Conjunctive Surface-Subsurface Process
version 2 land surface model with a spatial resolution of 1 km captured the flood hydrographs quite
well. Compared with the ensemble streamflow prediction (ESP) approach based on initial conditions,
the meteo-hydro approach increased the Nash-Sutcliffe efficiency of streamflow forecasts at the three
outlet stations by 0.27–0.82, decreased the root-mean-squared-error by 22–49%, and performed better
in reliability and discrimination. The meteo-hydro-AI approach showed marginal improvement,
which suggested further evaluations with larger samples of extreme flood events should be carried
out. This study demonstrated the potential of the integrated meteo-hydro-AI approach for ensemble
forecasting of extreme flood events.

Keywords: flood; forecast; AI; land surface model

1. Introduction

Flooding is one of the most devastating natural disasters that causes serious eco-
nomic losses and casualties [1]. In particular, flash floods due to extreme precipitation in
mountainous basins are very difficult to forecast, which challenges current early warning
systems [2]. With the increase in global temperature and extreme precipitation [3], as
well as the nonstationarity of streamflow [4–6], flood forecasting has been an important
non-engineering measure for disaster prevention and climate change adaptation.

Flood forecasting has experienced rapid development since the last century. The
currently popular methods include empirical forecasting [7], hydrological modeling [8,9],
and data-driven modeling [10,11]. Empirical forecasting methods often have low accuracy
because the parameters are difficult to quantify [12]. Data-driven methods necessitate a
substantial amount of data training to obtain reliable results [13], and the performance from
training to testing is usually unstable [14]. These two methods cannot explain the complex
land surface hydrological processes in the watershed. Compared with lumped hydrological
models, the distributed hydrological models are more complex in structure and can account
for the spatial heterogeneity of hydrological processes [15,16]. At present, incorporating
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small-scale physical hydrological processes into high-resolution land surface hydrological
models that resolve both fine-scale topography and the rainfall-runoff relationship is
urgently needed in flood simulation and forecasting [6,17,18].

When the land surface hydrological model is used to forecast floods, it is affected
by various sources of uncertainty, such as initial hydrological conditions, meteorological
forcing inputs, model structure, and parameters [9,19]. The lack of uncertainty information
in single-value forecasting hardly represents the full possibility of future streamflow, which
will affect the accuracy of flood forecasting and limit its application. In order to obtain
better forecast results, the ensemble method is applied to hydrological forecasts. The ensem-
ble streamflow prediction (ESP) method considers uncertainty by generating streamflow
forecasts using historical meteorological forcing and is still widely used nowadays [20].
For example, Wood and Lettenmaier [21] used the ESP method to predict streamflow with
a 5-month lead time in northern California during the drought-flood transition period.
Sabzipour et al. [22] improved ESP forecasting potential by using a genetic algorithm to
screen historical meteorological forcing datasets. In recent years, the rapid development
of numerical weather forecasts has led to significant improvement in precipitation fore-
casting [23–26], which can even provide a skillful forecast of heavy rainfall several days
in advance [27,28]. Therefore, many studies have begun to use ensemble meteorological
forecasting from numerical weather forecasts to obtain ensemble flood forecasting [29–32].

Even though the meteo-hydro forecast approach has been widely applied in short-term
and long-term streamflow forecasts [29,33], there remains significant uncertainty. On one
hand, hydrological processes are very complex and affected by multiple factors, including
the interaction of meteorological, environmental, and human activities. On the other
hand, there are scale-mismatch issues in the modeling. Therefore, it is difficult to cover all
physical processes in the land surface hydrological models [34,35], and post-processing of
the hydrological forecasts is often applied to eliminate system bias for both deterministic
and probabilistic forecasts [8,36].

Recent studies have shown that machine learning or deep learning methods can iden-
tify hidden rules and trends from datasets without understanding the physical mechanisms
of hydrological processes and have great potential to overcome the limitations of hydro-
logical models and reduce model errors [11,37–40]. Yang et al. [41] combined physical
hydrological model simulations with machine learning to improve streamflow simulation
in northern Thailand. Konapala et al. [42] established a hybrid model combining machine
learning and hydrological modeling, which could improve the streamflow simulation
results of different basins in the United States compared with the hydrological model. Cho
and Kim [43] used the long short-term memory (LSTM) algorithm to predict the residuals of
the output streamflow simulation of the WRF-Hydro model, which significantly improved
the Nash-Sutcliffe efficiency (NSE) of daily streamflow. However, most studies focused
on the simulations of long-term trends or monthly/daily streamflow, while the potential
for improvement of extreme flood forecasts at an hourly timescale remains to be explored,
especially for those integrated with a numerical weather forecast model.

In this study, we combined LSTM with the meteo-hydro forecast method to predict
the four largest flood events in the sub-basins of the Luo River from 2010 to 2017. We
used the meteorological hindcast datasets from the European Centre for Medium-Range
Weather Forecasts (ECMWF) in the International Grand Global Ensemble (TIGGE) project
to drive the high-resolution land surface hydrological model, named “CSSPv2” (Conjunc-
tive Surface-Subsurface Process version 2) [6], and used the LSTM method to correct the
meteo-hydro ensemble flood forecasting. We strived to (1) verify the ability of CSSPv2 to
simulate extreme flood events; (2) investigate the impact of the meteorological forecasts
(i.e., ECMWF) on extreme flood forecasts; and (3) explore the added value of the deep
learning method.
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2. Materials and Methods
2.1. Study Area and Data

The Luo River is a branch of the Yiluo River, a main tributary of the middle reach of the
Yellow River in China (Figure 1a,b). It flows through Shaanxi and Henan Provinces, with a
total length of 447 km. The basin area above the Baimasi station (Figure 1c) is 11,891 km2.
The Luo River is one of the tributaries with sufficient water resources in the Yellow River
basin. There are four hydrological stations in the basin, i.e., Lushi, Changshui, Yiyang and
Baimasi (Figure 1c). Because there is the Guxian Reservoir in the interval basin between
Lushi and Changshui, this study only focused on the other three interval basins: from
headwater to Lushi, from Changshui to Yiyang, and from Yiyang to Baimasi. Except for the
Lushi station, the observed upstream outflow was input into the land surface hydrological
model for the simulations and forecasts of the downstream floods.
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Figure 1. Locations of streamflow gauges and the Guxian reservoir over the Luo River basin in the
middle reach of the Yellow River. The upper panel (a) shows the location of the Yellow River in China,
panel (b) shows the location of the Luo River in the Yellow River, and the bottom panel (c) shows the
Luo River.

The meteorological forcing data that drive the land surface hydrological model for
flood forecasting include precipitation, temperature, pressure, specific humidity, wind
speed, and surface downward longwave and shortwave radiation. The hourly precipitation
data from 51 hydrological stations were interpolated to a 1 km grid by the inverse quadratic
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distance weighting method, and other meteorological forcing data were interpolated from
the 6-km China Meteorological Forcing Dataset (CMFD) by the bilinear interpolation
method [44].

TIGGE is a key component of the THORPEX project started in October 2006, which
includes ensemble forecast data from 10 numerical weather prediction centers around the
world, including the ECMWF. This study used 7-day meteorological reforecast data from
the ECMWF model with 51 ensemble members, which started at 00Z on the beginning
day of the extreme flood event. The bilinear interpolation method was used to interpolate
precipitation and temperature reforecasts from 0.5-degree to 1-km resolution.

The meteorological forcing datasets used by ESP were resampled from historical ob-
servational data. For each extreme flood event, the 7-day meteorological forcing (including
precipitation, temperature, etc.) for the target calendar week, and one week before and one
week after the calendar week during 2006–2020 (excluding the target year) were selected,
resulting in 14 (years) × 3 (weeks) = 42 samples. Then, half of the samples (i.e., 21) with a
larger 7-day precipitation amount were selected as the ensemble members of ESP.

The observed hourly streamflow data at Lushi, Yiyang, and Baimasi stations (Figure 1c)
during June–October of 2010–2017 were obtained from the local authority. They were used
for model calibration and verification. The extreme flood events were identified by ranking
flood peaks according to the time series of hourly streamflow. The highest four peaks were
selected for each hydrological station. The starting date of the extreme flood events was the
day with the lowest hourly streamflow as traced back from the peak day, and the end date
was the day with hourly streamflow lower than the 90th percentile. For the meteo-hydro
reforecast, only the first 7 days were selected for verification. If the flood event was less
than 7 days, the preceding day would be used as the beginning day of the flood event.

2.2. Methods

Figure 2 is a flowchart of the meteo-hydro-AI reforecasts carried out in this study.
We generated ESP streamflow forecasts by using the CSSPv2 model (see Section 2.2.1 for
details) driven by datasets resampled from historical meteorological data. Alternatively,
the ESP meteorological forcings were replaced with ECMWF meteorological reforecasts.
For the hydrological stations at the middle and lower reaches of the Luo River, observed
upstream streamflow was used as input for the river routing model in CSSPv2. After
meteo-hydro forecasts, the results were corrected by the LSTM deep learning model (see
Section 2.2.2 for details). The evaluation metrics (see Section 2.2.3 for details) used in this
paper include deterministic and probabilistic methods.

Water 2024, 16, x FOR PEER REVIEW 4 of 15 
 

 

TIGGE is a key component of the THORPEX project started in October 2006, which 

includes ensemble forecast data from 10 numerical weather prediction centers around the 

world, including the ECMWF. This study used 7-day meteorological reforecast data from 

the ECMWF model with 51 ensemble members, which started at 00Z on the beginning 

day of the extreme flood event. The bilinear interpolation method was used to interpolate 

precipitation and temperature reforecasts from 0.5-degree to 1-km resolution. 

The meteorological forcing datasets used by ESP were resampled from historical ob-

servational data. For each extreme flood event, the 7-day meteorological forcing (includ-

ing precipitation, temperature, etc.) for the target calendar week, and one week before and 

one week after the calendar week during 2006–2020 (excluding the target year) were se-

lected, resulting in 14 (years) × 3 (weeks) = 42 samples. Then, half of the samples (i.e., 21) 

with a larger 7-day precipitation amount were selected as the ensemble members of ESP. 

The observed hourly streamflow data at Lushi, Yiyang, and Baimasi stations (Figure 

1c) during June–October of 2010–2017 were obtained from the local authority. They were 

used for model calibration and verification. The extreme flood events were identified by 

ranking flood peaks according to the time series of hourly streamflow. The highest four 

peaks were selected for each hydrological station. The starting date of the extreme flood 

events was the day with the lowest hourly streamflow as traced back from the peak day, 

and the end date was the day with hourly streamflow lower than the 90th percentile. For 

the meteo-hydro reforecast, only the first 7 days were selected for verification. If the flood 

event was less than 7 days, the preceding day would be used as the beginning day of the 

flood event. 

2.2. Methods 

Figure 2 is a flowchart of the meteo-hydro-AI reforecasts carried out in this study. 

We generated ESP streamflow forecasts by using the CSSPv2 model (see Section 2.2.1 for 

details) driven by datasets resampled from historical meteorological data. Alternatively, 

the ESP meteorological forcings were replaced with ECMWF meteorological reforecasts. 

For the hydrological stations at the middle and lower reaches of the Luo River, observed 

upstream streamflow was used as input for the river routing model in CSSPv2. After me-

teo-hydro forecasts, the results were corrected by the LSTM deep learning model (see Sec-

tion 2.2.2 for details). The evaluation metrics (see Section 2.2.3 for details) used in this 

paper include deterministic and probabilistic methods. 

 

Figure 2. The experimental design. Here, only the meteo-hydro forecasts (i.e., CSSPv2 hydrological
forecasts driven by ECMWF meteorological forecasts) were corrected by the LSTM deep learning
model, because the skill of ESP forecasts is too low.



Water 2024, 16, 990 5 of 14

2.2.1. CSSPv2 Land Surface Hydrological Model

The land surface hydrological model used in this study is the CSSPv2 model [6],
which is based on the Common Land Model [45] while providing a better representation of
land surface hydrology. CSSPv2 has a volume-averaged soil water transport module that
considers the influence of sub-grid topographic variation [46], a groundwater module that
interacts with soil water movement [47], a runoff generation scheme based on the variable
infiltration capacity (VIC) scheme [15], and a routing model based on a linear transport
scheme. The routing is calculated as:

Fout =
v
d

S (1)

v = max
(

vmin, kβ0.5
)

(2)

where Fout is the water flux leaving the grid, v is the effective water flow velocity, d is the
distance between this grid and the downstream grid, S is the volume of river water stored
within the grid, β is the grid cell mean topographic slope from a high-resolution elevation
database, vmin and k are the routing parameters that need to be calibrated. In addition,
we also need to calibrate three VIC parameters for runoff generation, i.e., Ds, Ds,max, and b
factor (Table 1) for three interval catchments separately. Ds is the fraction of maximum base
flow. Ds,max is the maximum velocity of base flow (m/s). b is the exponent of the variable
infiltration capacity curve. We first determined the range of parameter values [48]. For the
Lushi basin, the parameters’ values were modified directly by manual adjustment. For
Changshui-Yiyang and Yiyang-Baimasi interval catchments, the hourly streamflow of the
upstream gauge (i.e., Changshui, Yiyang) at the corresponding grid point was added as
the upstream input, then the parameters were calibrated to increase the NSE value. More
than 200 sets of parameters were tested in each interval basin. The parameters are shown
in Table 1.

Table 1. Runoff generation and river routing parameters of CSSPv2 over each interval sub-basin.

Parameters Description Lushi Yiyang Baimasi

b Exponent of variable infiltration
capacity curve 1.40 0.04 5.30

Ds Fraction of maximum base flow 0.011 0.010 0.012
Ds,max Maximum velocity of base flow (m/s) 5.13 × 10−3 3.00 × 10−7 3.70 × 10−5

vmin Minimum grid effective flow velocity (m/s) 0.74 3.00 0.80

k Grid effective flow velocity slope
parameters 1.80 8.00 1.60

2.2.2. LSTM Deep Learning Model

The LSTM is a recurrent neural network model with a unique structure [49]. It
learns the long-term nonlinear relationship between variables through the combination
of forgetting gate, input gate, and output gate. Since the LSTM model has the ability of
selective memory and can better deal with noise in long time series, it is suitable for the
study of time series of hydrological variables [50–52].

In this study, we set up two sets of LSTM experiments. The LSTM-CV was a cross-
validation procedure, and the model used to correct each flood event was obtained based
on the data from the other three floods. The LSTM-ALL trained all four flood events
together without cross validation and was considered the upper limit of the ability of
the LSTM model in correcting extreme flood forecasts. The model was established for
each ensemble member, and the input data were hourly streamflow observation data and
forecast data. During the training, the streamflow observation data of the target hour, and
five hours of forecast streamflow data before the target hour were used to calibrate the
LSTM model, with a sample size of 168 − 5 = 163 for each flood event. Therefore, there
were 163 × 3 samples for LSTM-CV, and 163 × 4 samples for LSTM-ALL. In the correction,



Water 2024, 16, 990 6 of 14

the streamflow at the target hour was corrected by using the LSTM model with streamflow
forecasts in the previous 5 h. In this study, the LSTM model with a forgetting gate was
used, and the Adam optimizer was selected, which was an effective way to optimize the
LSTM model [53]. According to existing research and model tests [54], the batch size and
epoch were set at 450 and 300, respectively.

2.2.3. Evaluation Metrics

In this study, the deterministic evaluation indicators include NSE, root mean square
error (RMSE), relative absolute bias (rBIAS), and correlation coefficients (CCR). The metrics
are computed as follows:

NSE = 1 − ∑n
i=1(Qobs, i − Qsim, i)

2

∑n
i=1

(
Qobs, i − Qobs

)2 (3)

RMSE =
∑n

i=1(Qobs, i − Qsim, i)
2

n
(4)

rBIAS =
∑n

i=1 |Q obs,i − Qsim,i

∣∣∣
∑n

i=1Qobs,i
× 100% (5)

CCR =
∑n

i=1 (Q obs,i − Qobs

)
(Q sim,i − Qsim

)
√

∑n
i=1

(
Qobs, i − Qobs

)2
√

∑n
i=1

(
Qsim, i − Qsim

)2
(6)

where Qobs is observed streamflow, and Qsim is simulated or predicted streamflow.
The probabilistic evaluation procedures include the reliability diagram and relative

operating characteristic (ROC) diagram [55]. The reliability diagram has two elements,
which are conditional distributions of the observation given each of the redistributed prob-
ability forecast range, p

(
oj
∣∣yi

)
, and the refinement distribution p(yi). The ROC diagram is

a discrimination-based graphical forecast verification display. In addition, the continuous
ranked probability skill score (CRPSS) [55] was also used for assessing the accuracy of
probabilistic forecasts of extreme floods.

3. Results
3.1. Calibration of CSSPv2 Land Surface Hydrological Model

In the Luo River basin, we selected the four largest floods during June–October from
2010 to 2017 for each of the three hydrological stations (i.e., Lushi, Yiyang, and Baimasi)
to calibrate the CSSPv2 land surface hydrological model. Figure 3 shows the calibration
results. The calibrated CSSPv2 model can capture the flood peaks and the entire processes.
The maximum flood peak flows of Lushi, Yiyang and Baimasi stations were 1660 m³/s,
1835 m3/s, and 2270 m3/s respectively. The model simulations of the maximum flood peaks
were still biased, with underestimations for several flood events. The NSE values of hourly
streamflow at Lushi, Yiyang, and Baimasi stations were 0.54, 0.55, and 0.66 respectively,
and the CCR values were greater than 0.8 (Table 2). In general, the CSSPv2 model well
simulated the extreme floods of the three basins.

Table 2. Evaluation of hourly streamflow simulations by the calibrated CSSPv2 land surface hydro-
logical model for each interval sub-basin.

Title 1 NSE RMSE rBIAS CCR

Lushi 0.54 278.39 36.71% 0.81
Yiyang 0.55 184.81 24.15% 0.88
Baimasi 0.66 250.17 27.06% 0.89
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Figure 3. Evaluation of the flood simulations at three hydrological stations along the mainstream of
the Luo River basin. The black points and red lines are the observed and simulated hourly streamflow.
The blue bars represent observed hourly precipitation. From the top to bottom panels, there are four
floods at Lushi (a–d), Yiyang (e–h), and Baimasi (i–l) stations, respectively. The title of each panel
represents the start date of the flood events, e.g., 2010-07-23 represents the flood that started on 23
July 2010.

3.2. Evaluation of Ensemble Precipitation Forecasts from ECMWF

Before assessing the meteo-hydro ensemble forecasts, we first evaluated the ECMWF
precipitation reforecasts. Figure 4 shows the evaluation of ECMWF precipitation reforecasts
during the 7-day flood periods at the interval sub-basins of Lushi, Yiyang, and Baimasi.
Most of the forecast results showed larger errors and uncertainty ranges at the peak of
precipitation. The predicted extreme precipitation was basically consistent with obser-
vations at the Lushi sub-basins, and the observed precipitation was always within the
range of ensemble precipitation forecasts (Figure 4a–d). The peak values of precipitation in
the Yiyang and Baimasi sub-basins were mostly lagging behind, and the ensemble mean
values of the predicted precipitation are significantly lower than the observed precipitation
(Figure 4e–l). In addition, the ECMWF model missed the first peak values of precipitation
in the two sub-basins on 14 September 2014 (Figure 4h,l). The average NSE and CCR of
Lushi precipitation ensemble forecasts were 0.73 and 0.89, which was in good agreement
with the observed precipitation. Due to the lag and deviation of precipitation forecasts, the
NSE for Yiyang and Baimasi were 0.24 and 0.12, and the CCR were 0.47 and 0.42, which
has certain forecast skills.

3.3. Evaluation of Meteo-Hydro Ensemble Flood Forecasts from ECMWF/CSSPv2

The results of this part are from CSSPv2 land surface hydrological forecasts driven by
the ECMWF meteorological ensemble forecasts. Figure 5 shows the 7-day flood forecasts
as compared with the observed hourly streamflow for four of the largest floods at Lushi,
Yiyang, and Baimasi stations. The meteo-hydro ensemble forecasts can predict the evolution
of floods at the three stations and can roughly capture the flood peaks, although with
overestimations or underestimations. For the first flood peaks at Yiyang and Baimasi
stations on 14 September 2014, the meteo-hydro forecasts missed them (Figure 5h,l) because
the precipitation peaks are not captured by the ECMWF model (Figure 4h,l).
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are ensemble precipitation forecasts, and the red and blue lines are ensemble mean predictions
and observations of precipitation. The panels from top to bottom are the results of the Lushi (a–d),
Yiyang (e–h), and Baimasi (i–l) interval basins, respectively.
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Comparing the ECMWF/CSSPv2-based meteo-hydro ensemble flood forecasts
with the ESP/CSSPv2-based forecasts, the former shows obvious advantages. As
shown in Figure 6, the NSE values of ECMWF/CSSPv2 streamflow forecasts are higher
than those of ESP/CSSPv2 by 0.82, 0.27, and 0.37 for the three hydrological stations,
respectively. Moreover, the meteo-hydro forecast reduces RMSE from ESP by 49%,
22%, and 24%. From ESP/CSSPv2 to ECMWF/CSSPv2 forecasts, the rBIAS of the three
stations decreases by 14% on average, and the CCR increases by 72%. The CRPSS
(=1-CRPSECMWF/CSSPv2/CRPSESP/CSSPv2) values are 0.54, 0.19, and 0.25 for the three hy-
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drological stations, which suggests that the meteo-hydro forecast approach has higher
probabilistic forecast skill than the ESP approach.
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Figure 6. The NSE and RMSE (m3/s) of ensemble flood forecasts from ESP and meteo-hydro
approach. The statistics were averaged among the four selected extreme flood events for each
hydrological station.

The reliability diagram (Figure 7) is a full graphical representation of the joint distribu-
tion of the forecasts and observations. When the curve is distributed along the diagonal
(1:1) line, the forecast result is considered reliable. Figure 7 shows the reliability of ESP
and meteo-hydro ensemble forecasts. The meteo-hydro ensemble forecast had an under-
dispersion error, where the curve was above the diagonal line when the forecast probability
is low, and below the diagonal line when the forecast probability is high (Figure 7b). That
meant the forecast results were underestimated for the low flows and overestimated for
the high flows, which suggested the forecast results were overconfident. However, com-
pared to the ESP, the meteo-hydro forecast was closer to the diagonal line, indicating
that the meteo-hydro approach was more reliable than the ESP approach for probabilistic
forecasts of extreme floods. This was also consistent with the ensemble forecasts of dry
and wet extremes at a monthly timescale [56], where the meteo-hydro approach showed
better reliability.
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Figure 7. Reliability diagram for ESP (a) and meteo-hydro (b) forecasts of extreme floods across three
hydrological stations. The threshold for the diagram is the 99th percentile of the observed streamflow
in 2010–2017. p(y) is the refinement distribution of forecast probability, and p(o|y) is the conditional
distributions of the observation given each of the redistributed probability forecast ranges (e.g., 0–0.1,
0.1–0.2, etc.). The blue and black points/bar charts are the ESP and meteo-hydro forecasts.
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The performance in discriminating extreme floods can be illustrated in the ROC curve
(Figure 8). The forecast with better discrimination has a ROC curve that is closer to the
upper-left corner of the diagram. Figure 8 shows that the ROC curve of meteo-hydro
forecasts is located above the ESP curve, and the area under the curve (AUC) of the former
is 37% larger than the latter. The result suggests that the meteo-hydro ensemble flood
forecast has a lower false alarm rate and a higher hit rate than the ESP forecast.
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Figure 8. ROC diagrams for ESP and meteo-hydro ensemble flood forecasts for all extreme flood
events at all three stations. The ROC threshold corresponds to the 99th percentile of the observed
streamflow in 2010–2017. AUC is the area under the curve.

3.4. Correction of Meteo-Hydro Ensemble Forecast by LSTM Model

The deep learning method can learn characteristics, trends, and laws through datasets
and can simulate or predict streamflow under the condition that the physical process is
not clear. Figure 9 shows the ensemble mean streamflow forecasts from meteo-hydro
and meteo-hydro-AI (combining meteo-hydro with the LSTM model) for extreme flood
forecasts at the Lushi station. Compared with the meteo-hydro forecasts, meteo-hydro-AI
corrects the lag of flood peaks to some extent (Figure 9).
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Figure 9. Streamflow from observation and ensemble mean forecasts based on meteo-hydro and
meteo-hydro-AI forecasts at Lushi station. The black, blue, green, and red lines are observed
streamflow, meteo-hydro streamflow forecasts, and meteo-hydro-AI streamflow forecasts with (CV)
or without (ALL) cross validation. The cross validation is performed by excluding the target flood
event and training the LSTM model with the other three flood events.
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The NSE and RMSE of the ensemble mean streamflow forecasts before and after LSTM
correction are shown in Figure 10. Compared with the meteo-hydro forecasts, the NSE
of meteo-hydro-AI/CV is increased by 0.05, and the RMSE is reduced by 2.2%. Without
cross validation, the NSE can increase by 0.09, and RMSE can decrease by 11% (orange bars
in Figure 10), which suggests the potential of the LSTM method. Further exploration is
needed if the samples of extreme flood events are sufficient, but this is usually not the case
since extreme events rarely occur.
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3.5. Discussion

The “meteo-hydro” method is widely used in flood forecasting and has been exten-
sively demonstrated in previous studies [9,56]. For instance, both GloFAS [30] (Global
Flood Awareness System) and EFAS [57] (European Flood Awareness System) used this
method to forecast flood events. We used the LSTM method to correct flood ensemble
forecasts. However, the model’s training was insufficient due to the small number of
extreme flood samples in the basins, which resulted in marginal improvement. The issue of
“small sample” is common for most AI forecasting of extreme events.

There are additional approaches to fully explore the added values of applying deep
learning techniques, e.g., using input upstream observations and downstream forecast
results to train and correct the forecast [58], using multiple deep learning models, or
migrating the research to a basin with more flooding data. Furthermore, this study did not
consider reservoir operation. As deep learning techniques have shown their advantages
in representing reservoir regulations [54], we expect that they could be applied to other
aspects in future works (e.g., parameter estimation, physical parameterization scheme
optimization, etc.), instead of being directly used in model post-processing.

The “meteo-hydro-AI” approach used in this study could be further improved and
validated over tributaries, if more hydrological observation stations are employed. Though
the ensemble meteorological forecast showed great superiority in flood forecasts against
the traditional ESP method, the original forecast product from the global weather fore-
cast model had a coarse spatial resolution, which made it a challenge to predict heavy
precipitation at the local scale. Continued efforts are needed to develop high-resolution
regional ensemble meteorological forecast systems for dynamical downscaling, explore
suitable statistical downscaling methods, and use advanced data-assimilation methods to
improve the predictive skills of extreme precipitation events [36,59–61], thereby enhancing
the predictive skills of extreme floods.

4. Conclusions

In this study, we explored the added values of extreme flood forecasts by using
ECMWF meteorological ensemble forecasts, CSSPv2 high-resolution land surface modeling,
and the LSTM deep learning technique. The average NSE values for the hourly streamflow
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during the four extreme floods at the three interval sub-basins in the Luo River basin
were 0.54, 0.55, and 0.66, respectively. This suggested that the CSSPv2 model performed
well in simulating extreme floods. Compared to the ESP/CSSPv2 streamflow forecast,
the ECMWF/CSSPv2 forecast demonstrated better reliability, lower false alarm rates, and
higher hit rates in terms of probabilistic streamflow forecasts, with an average increase of
0.49 in NSE, and an average reduction in RMSE of 31.7%. Though the LSTM has potential
to correct the forecasts, the improvement was marginal. This suggested a challenge in
predicting extreme floods with deep learning techniques, as there were not enough samples
for training.

The meteo-hydro-AI method proposed in this study can be easily implemented in
local river basins without too much computational effort, as ECMWF weather forecasts are
available globally. Future efforts could be devoted to improving forecasts of rainstorms with
AI methods as well as dynamical downscaling from global weather forecasts, improving
flood simulation by incorporating a hyper-resolution hydrodynamic module into the land
surface model, and using more proxy data for improving flood forecasts with deep learning.
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