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Abstract: Long-term runoff projection and uncertainty estimates can provide both the
changing trends and confidence intervals of water resources, provide basic information for
decision makers, and reduce risks for water resource management. In this paper, a grid-
based runoff projection and uncertainty framework was proposed through input selection
and long short-term memory (LSTM) modelling coupled with uncertainty analysis. We
simultaneously considered dynamic variables and static variables in the candidate input
combinations. Different input combinations were compared. We employed LSTM to
develop a relationship between monthly runoff and the selected variables and demonstrated
the improvement in forecast accuracy through comparison with the MLR, RBFNN, and
RNN models. The LSTM model achieved the highest mean Kling-Gupta Efficiency (KGE)
score of 0.80, representing respective improvements of 45.45%, 33.33%, and 2.56% over the
other three models. The uncertainty sources originating from the parameters of the LSTM
models were considered, and the Monte Carlo approach was used to provide uncertainty
estimates. The framework was applied to the Yellow River Source Area (YRSR) at the
0.25° grid scale to better show the temporal and spatial features. The results showed that
extra information about static variables can improve the accuracy of runoff projections.
Annual runoff tended to increase, with projection ranges of 148.44-296.16 mm under the
95% confidence level, under various climate scenarios.

Keywords: runoff projection; uncertainty; grid; LSTM; CMIP6

1. Introduction

For long-term water resource planning in large basins, long-term runoff projection
can offer trend information. Uncertainty analysis can lower the risk associated with water
resource management by providing extra information regarding confidence ranges or
probabilistic predicted runoff [1,2]. An integrated model or a chain-based framework has
shown promise for accurate, reliable, and stable runoff projection, which involves large
uncertainties due to the combination of several climatic and hydrological models, as well
as machine learning models [3,4].

Long short-term memory (LSTM), which is well known for its machine learning
approach, has been extensively utilized for runoff projection in various applications
and has great potential for understanding unknown hydrological mechanism processes.
Sahoo et al. (2019) evaluated the effectiveness of LSTM in low-streamflow forecasting rel-
ative to recurrent neural networks (RNNs) [5]. Xiang et al. (2020) constructed an LSTM
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model for runoff prediction in Iowa with observed and forecasted rainfall, observed runoff,
and evapotranspiration [6]. Hunt et al. (2022) used observed streamflow and meteorologi-
cal factors to train an LSTM model that predicted streamflow at ten locations in different
climatic zones of the US [7]. Khoshkalam et al. (2023) utilized LSTM with an input process-
ing method to enhance the precision of streamflow forecasting [8]. Their findings showed
that the LSTM model is capable of efficiently retrieving knowledge from large data infor-
mation and hydrology systems with different input data. However, many details about
parameter determination, performance comparison, and uncertainty in the application of
LSTM modelling for runoff projection still exist and need to be further discussed.

Uncertainty analysis is another component of a data-driven model framework in
which process uncertainty originates from emission scenarios, climate models, hydrological
modelling, probability distributions, etc. [9,10]. Zhang et al. (2021) estimated how the high
streamflow would be affected by climate change in the YRSR with a chain-based numerical
simulation modelling system and quantified the uncertainty contribution of all the chain
elements [11]. The structural design and parameter settings of hydrological models or
data-driven models are the dominant sources of uncertainty in the framework. Therefore,
providing different confidence intervals of runoff projections under uncertainty from the
structure and parameters is highly important. MC is a traditional technique that has been
effectively used in many hydrology fields [12,13].

Physical-mechanical models, including VIC and SWAT, coupled with future climate
scenarios from CMIP5 or CMIP6, have been used for runoff projections of the Yellow River.
Liu et al. (2011) used SWAT and CMIP5 data for runoff projection to forecast flows in both
present and future climatic scenarios. Ji et al. (2023) employed a surface-subsurface process
land surface model and CMIP6 bias-corrected data to perform future projections [14].
Zhou et al. (2023) coupled the VIC model with CMIP6 mid-high warming scenarios for
runoff projections of major Chinese basins, and it indicated a discernible upward trend in
runoff within the YRSR under the two high-temperature scenarios [15]. However, most
previous studies have focused on runoff projection and uncertainty only at the station scale
via hydrological models, and revealing temporal variations is still difficult. Therefore, a
framework based on the LSTM model for runoff projection at the grid scale and uncertainty
estimates should be studied further to allow for high-resolution spatial predictions.

In this paper, a grid-based LSTM runoff projection and uncertainty framework was
proposed through input selection, LSTM modelling, and uncertainty analysis. We simulta-
neously considered dynamic variables and static variables in the candidate inputs. Different
input combinations were compared. We employed LSTM to develop a relationship between
monthly runoff and the selected variables and analyzed it with the other models. The
uncertainty sources originating from the parameters of the LSTM models were considered,
and the Monte Carlo approach was used to provide uncertainty estimates.

2. Materials and Methods

A grid-based LSTM framework for runoff projection and uncertainty encompasses
input selection, LSTM modelling, and uncertainty analysis. The framework’s process is
illustrated in Figure 1. The outputs of the LSTM model are the monthly runoff values
for each grid cell. The inputs to the LSTM model include precipitation, temperature, and
antecedent runoff, along with their corresponding lagged times, as well as static variables
such as the Digital Elevation Model (DEM) and the Normalized Difference Vegetation
Index (NDVI), which are determined through input selection.
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Figure 1. Structural diagram for the LSTM-based framework, including input selection, LSTM
modelling, and uncertainty analysis.

2.1. Select Input

The runoff generation process is influenced by various factors within the complex hy-
drological system, and runoff projections are made by analyzing the relationships between
runoff and other variables in this system. The variables associated with runoff serve as po-
tential input variables. However, some variables that exhibit weak correlations with runoff
or lack real-time variability are often excluded from consideration [16]. It is not necessary
to include all variables in the hydrological system to establish the relationship between
variables and runoff. Research has shown that models concentrating on the relationships
between key variables and runoff can achieve higher prediction accuracies compared to
models that incorporate all available variables [17].

2.2. LSTM

The long short-term memory (LSTM) model was developed to address the vanishing
and exploding gradient problems commonly encountered in the computational processes
of recurrent neural networks (RNNs). It establishes a robust connection between historical
hydro-meteorological data and current hydrological data [18,19]. Typically, a three-layer
LSTM network is employed, consisting of input, hidden, and output layers. The primary
parameters discussed in this paper include batch size, hidden layers, epochs, dropout
methods, and the duration of training instances. Batch size determines the number of
training examples provided to the model for loss function calculation before updating the
weight matrices [20]. The hidden layers represent the number of layers between the input
and output, indicating a higher level of network complexity. An epoch refers to a complete
forward pass through all training examples. The duration of training instances defines the
length of the time series for each training sample. Dropout is a regularization technique
specifically designed for neural networks, which randomly removes network nodes and
their connections [21]. The extent of regularization is controlled by a parameter known as
the dropout rate, which indicates the percentage of units excluded during training. In this
framework, the parameters and structure of long short-term memory (LSTM) models were
considered. The LSTM model’s hyperparameters, including the dropout rate, number of
epochs, and hidden units, were optimized using a grid search strategy to assure the best
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model performance, and the Monte Carlo approach was employed to provide uncertainty
estimates. The Monte Carlo simulations were run with 1000 iterations to ensure robust
uncertainty estimates [22,23]. The choice of 1000 iterations was based on preliminary
convergence tests, which indicated that this number provided stable estimates of metrics.

2.3. Model Evaluation Criteria

In the current investigation, the effectiveness of various models was comprehensively
evaluated using the coefficient of determination (R?), Nash-Sutcliffe Efficiency (NSE), root-
mean-square error (RMSE), and Kling-Gupta Efficiency coefficient (KGE). The formulas for
these model evaluation criteria are outlined below:

2
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R% = n’:l - (1)
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KGE is a metric in assessing the precision of LSTM models, and it is calculated at each
grid, which is characterized as

KGE:1—\/(r—1)2+(v—1)2+(w—1)2 (4)

where 7 is defined as Pearson’s correlation coefficient, v is defined as the ratio between
the mean predicted and observed runoff (y, / #ops), and w is characterized as the ratio
of the predicted runoff’s standard deviation to that of the observed runoff (o, /o ops)-
The effectiveness of KGE stems from the inclusion of correlation, variability, and bias
indicators, which enables a thorough evaluation of whether the model accurately replicates
the observed hydrological behaviour or not [7].

3. Study Area and Data
3.1. Study Area

The Yellow River Source Area (YRSR) is located in Qinghai Province (95.84° E-103.47° E,
32.20° N-35.80° N) and the northeastern region of the Qinghai-Tibet Plateau, as illustrated
in Figure 2. This source region encompasses an area of 124,000 km? above the Tangnaihai
station, accounting for 15.7% of the entire basin. The length of the river within this region
is approximately 1553 km. The elevation of the area ranges from 3480 to 4680 m [24,25].
Nearly 80% of the region is covered by grassland, while lakes and swamps occupy roughly
2000 km?. The YRSR is classified as a semi-humid region on the Tibetan Plateau, with
temperatures fluctuating between —4 °C and 2 °C [26]. The area receives an average annual
precipitation of 534 mm, with a significant portion (75-90%) occurring during the rainy
season, which lasts from June to September. A notable decline in precipitation is observed
when moving from the southeast to the northwest; specifically, the southeastern region
receives approximately 800 mm, while the northwestern region receives about 300 mm.
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The average annual runoff is estimated to be 19.8 x 10° m3, accounting for more than 42%
of the total water resources within the Yellow River basin.
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Figure 2. Location of the research area.

3.2. Datasets

The hydrological data are derived from the Chinese Natural Runoff Grid Dataset
(CNRD v1.0), which encompasses a monthly runoff time series from 1961 to 2015 at a
resolution of 0.25° x 0.25° [27]. The meteorological data, sourced from the ISIMIP, include
precipitation and average temperature, with a grid resolution of 0.5° x 0.5°. Future runoff
forecasts utilize the latest version of the NEX-GDDP-CMIP6 dataset. This dataset features
globally downscaled climatic scenarios generated from General Circulation Model (GCM)
operations conducted under the CMIP6 framework, covering all four categories of green-
house gas emission scenarios identified as Shared Socioeconomic Pathways (SSPs) [28]. The
climate model dataset from NASA, specifically NEX-GDDP-CMIP6, provides simulations
for eight variables across five emission scenarios (historical, SSP126, SSP245, SSP370, and
SSP585) using 35 global climate models. In this study, the Canadian Earth System Model
(CanESMS5) is employed to analyze meteorological data from the four Shared Socioeconomic
Pathways [29,30].

4. Discussion
4.1. Input Selection

Eleven candidate input variables, including precipitation, air pressure, sunshine
duration, temperature, and evaporation, were considered. The correlations between these
input variables and runoff were quantitatively assessed using Pearson correlation analysis,
and a heatmap illustrating the correlations between runoff and the candidate input variables
is presented in Figure 3. The analysis revealed that only the correlation coefficients for
precipitation, temperature, and runoff exceeded 0.5. Consequently, the selected inputs were
precipitation, temperature, and historical runoff. The lag times between current runoff
and historical runoff, as well as between precipitation and temperature, were determined
using a time lag cross-correlation method. Subsequently, the input and output samples
were prepared for the batch-trained models. Eighty percent of the samples were allocated
for training, while the remaining 20% were designated for testing.
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Figure 3. Heatmap of correlations between runoff and the candidate input variables.

The impact of various input combinations on the performance of the LSTM models
was assessed. Four distinct input combinations were utilized: (a) all eleven candidate
input variables; (b) only precipitation, temperature, and historical runoff; (c) precipitation,
temperature, and historical runoff with corresponding lagged times; and (d) precipitation,
temperature, and antecedent runoff, along with corresponding lagged times and static
variables such as the Digital Elevation Model (DEM) and Normalized Difference Vegetation
Index (NDVI), which provide essential information about the underlying surface. Figure 4
illustrates the performance of various input combinations using the KGE metric. As
indicated in Table 1, the model produced KGE values of 0.46, 0.43, 0.64, and 0.80 for
different input combinations. The proportions of grids with KGE values exceeding 0.6 were
95.29% for the LSTM model with input d and 25.13% for the LSTM model with input a.
Additionally, the proportions of grids with KGE values surpassing 0.8 were 54.97% for the
LSTM model with input d and 4.19% for the LSTM model with input c. Notably, there were
no grids with KGE values exceeding 0.8 for the LSTM model using inputs a and b. These
results demonstrate that incorporating additional information about static variables can
enhance the accuracy of runoff projections.
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Figure 4. Performance of different input combinations (KGE). The KGE value is a comprehensive
metric for evaluating model performance. The closer the value of KGE is to 1, the higher the accuracy
of the LSTM model, representing a more accurate description and calculation of the relationship
between precipitation, temperature, and historical runoff.

Table 1. Average values of KGE for the models with different input combinations.

KGE
Average >0.6 >0.8
Inputa 0.46 25.13% 0
Input b 0.43 22.51% 0
Input c 0.64 69.11% 4.19%
Inputd 0.80 95.29% 54.97%

4.2. LSTM Modelling

The output variables are defined as monthly runoff for a grid, and the input variables
include static variables and dynamic variables. Dynamic variables were determined by
eleven candidate input variables and their lagged time for each grid. Four different
models were applied in the study area: multiple linear regression (MLR), the radial basis
function neural network (RBFNN), the recurrent neural network (RNN), and long short-
term memory (LSTM). The values of R?, Kling-Gupta Efficiency (KGE), Nash-Sutcliffe
Efficiency (NSE), and root-mean-square error (RMSE) were evaluated. Figures 5 and 6
illustrate the distributions of the four assessment metrics throughout the training and
testing phases. Table 2 displays the average values of these metrics for the models during
both training and testing. During the training phase, the R? values of the LSTM model
increased by 60.00%, 17.33%, and 8.64% compared to the other three models, respectively.
The KGE values also increased by 46.77%, 26.39%, and 5.81%. This indicates that, in terms of
model correlation, bias, and variability, the LSTM model performed more comprehensively
than the other three models. The NSE coefficient of the LSTM model was the highest at 0.90,
outperforming the MLR and RNN models, although it fell slightly short of the RBFNN
model. During the testing period, the LSTM model outperformed the MLR, RBENN, and
RNN models. Specifically, 94.24% of the grid R? values for the LSTM model exceeded
0.6, and both KGE values for the grid were above 0.6 in 95.29% of cases. Notably, the
LSTM achieved the highest average R? value of 0.83 during testing, representing significant
increases of 29.69%, 22.06%, and 6.41% over the other three models. Additionally, the LSTM
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model yielded the highest average KGE of 0.80, showing improvements of 45.45%, 33.33%,
and 2.56%, respectively, compared to the alternative models. The LSTM model had an NSE
value of 0.77, which was slightly lower than that of the RBENN, but it achieved the lowest
RMSE of 3.01. The comprehensive analysis of these metrics indicates that the LSTM model
is well suited for runoff projection at a grid scale in the YRSR, offering superior predictive
capabilities.
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Figure 6. Spatial distribution maps of R?, KGE, NSE, and RMSE during the testing period.
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Table 2. Average values of the four evaluation metrics for the models of different periods.
MLR RBFNN RNN LSTM
R? 0.55 0.75 0.81 0.88
trainin KGE 0.62 0.72 0.86 0.91
8 NSE 0.72 0.81 0.88 0.90
RMSE 8.94 6.77 4.80 2.63
R? 0.64 0.68 0.78 0.83
testin KGE 0.55 0.60 0.78 0.80
& NSE 0.75 0.78 0.72 0.77
RMSE 11.33 9.34 8.46 3.01

After developing the LSTM model, runoff projections can be generated as long as
future precipitation and temperature data are provided as input to the well-trained LSTM
models. The CanESM5 climate model will be employed to create future precipitation
and temperature scenarios, including SSP126, SSP245, SSP370, and SSP585. SSP1-2.6
represents a Shared Socioeconomic Pathway characterized by the adoption of emission
reduction policies and sustainable development strategies, while SSP5-8.5 signifies a future
socioeconomic pathway with high emissions and extensive carbon use. According to the
findings, runoff variability in the YRSR is expected to remain low and stable throughout the
upcoming socioeconomic scenarios (2016-2045). For SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-
8.5, the corresponding average annual runoff values are 204.68 mm, 201.85 mm, 229.0 mm,
and 207.16 mm, respectively (Table 3). The estimated runoff values show minimal variation
across the different scenarios. Notably, runoff under SSP5-8.5 demonstrates an increasing
trend with the highest growth rate, followed by SSP3-7.0 and SSP2-4.5, while runoff under
SSP1-2.6 exhibits a declining trend (Figure 7).

Table 3. Characteristics of monthly and annual runoff projections under the four SSPs.

Monthly Runoff (mm) Annual Runoff (mm)
Mean Max Min Mean Max Min
SSP1-2.6 17.06 47.63 521 204.68 240.62 157.77
S5P2-4.5 16.82 43.51 513 201.85 240.91 166.35
SSP3-7.0 16.82 43.38 523 229.00 299.88 188.81
S5P5-8.5 17.26 48.33 522 207.16 246.36 157.19
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Figure 7. Time series of future runoff projections from YRSR under different SSPs (2016-2045).
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Runoff under the SSP5-8.5 scenario exhibits the most significant fluctuations in peak
values, with a 95% confidence interval ranging from 157.19 to 246.36 mm for the annual
average runoff. This indicates that extreme precipitation events may increase in the future,
especially in summer. Therefore, it is necessary to strengthen the flood warning system in
the source area of the Yellow River and to formulate flood prevention measures in advance
to reduce the impact of floods on downstream areas. The overall trend remains relatively
stable, with SSP2-4.5 demonstrating the fastest growth among the four scenarios, followed
by SSP3-7.0 and SSP5-8.5. In contrast, SSP1-2.6 continues to show a decreasing trend, with
a more pronounced decline compared to the 2016-2045 period. This indicates the need to
strengthen drought monitoring and water resource allocation, especially during periods of
high demand for agricultural irrigation and ecological water use. Additionally, the spatial
distribution of runoff gradually increases from the northwest to the southeast, with the
lowest runoff levels recorded in Northeast China, followed by Southwest China, providing
a basis for the dynamic management of ecological flow. Figure 8 illustrates the average
runoff distribution for the next 30 years in the YRSR. The average discharge progressively
rises from the northwest to the southeast, with the lowest flow observed in the northeast
and the second lowest in the southwest. The results highlight the profound impact of
climate change on the water resources in the source region of the Yellow River. In the
future, efforts should be made to strengthen the construction of climate change adaptation
capabilities, such as optimizing reservoir scheduling, promoting water-saving technologies,
and enhancing comprehensive watershed management to achieve the sustainable use of
water resources. Runoff predictions under different SSP scenarios are different and are
mainly influenced by climate change, socioeconomic development, and ecological response.
These differences provide an important scientific basis for water resource management in
the source region of the Yellow River. Under more extreme climate change conditions, the
hydrological processes of the basin may change.

SSP1-2.6 2016-2045 SSP2-4.5 2016-2045
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Figure 8. Distribution of future runoff projections in the YRSR under different SSPs.

4.3. Uncertainty

The confidence intervals for runoff predictions were evaluated while accounting for
uncertainty in the parameters of the LSTM model. Figures 9 and 10 illustrate the confidence
intervals for monthly runoff from 2016 to 2045, as well as the runoff forecast for January
2030, which represents the probable distribution of runoff projections during that period.
According to four Shared Socioeconomic Pathways (SSPs), the monthly runoff in January



Water 2025, 17, 750 11 of 14

2030 is expected to range primarily between 4.0 and 5.2 mm, 8.0 and 10.0 mm, 10.0 and
12.0 mm, and 9.0 and 11.0 mm. The 95% confidence interval for monthly runoff across all
grids in the study area, as covered by SSP5-8.5, is estimated to be between 12.37 mm and
24.68 mm.
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Figure 9. Boxplot of confidence intervals for monthly runoff from 2016 to 2045 for a grid.
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Figure 10. Distribution of runoff values at January 2030.

Limited research has been conducted on runoff estimates considering climate change
in the YRSR. Lu et al. (2018) reported that streamflow is projected to increase by more than
3% in the YRSR during the future period of 2041-2060, based on a regional climate model
(RegCM4) and the Variable Infiltration Capacity (VIC) model. Under the representative con-
centration pathways (RCPs), the mean runoff projections were 8565.32 m? /s, 8823.59 m3/s,
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and 8074.54 m3 /s for the three RCPs [31]. Ma et al. (2021) found that runoff in the YRSR
is expected to accelerate by 0.42 m®/s per year from 2020 to 2040, as determined by the
Elman neural network model [32].

These findings align with the forecasts made by Li et al. (2022) for the period from 2021
to 2060 [33]. Zhou et al. (2023) employed six CMIP6 General Circulation Models (GCMs)
along with the Variable Infiltration Capacity (VIC) hydrological model to predict a 10-20%
increase in annual runoff depth in the Yellow River basin between 2020 and 2049 [15]. The
expected runoff under CMIP6 is projected to be greater than that under CMIP5, as the
anticipated future precipitation under CMIP6 exceeds that of CMIP5 [34,35].

Based on the current literature, there is limited research on the application of CMIP6
data for future runoff predictions in the source region [36-38]. Most studies have primarily
focused on utilizing CMIP5 data. Additionally, various studies have employed different
climate models, each emphasizing distinct data production processes, which can lead to
significant variations in the results generated by the same model. Moreover, discrepancies
may exist in the duration of future projections and the comprehensive calculation of
characteristic values or trends. Overall, the length of future predictions, the choice between
climate models (CMIP5 or CMIP6), and the selection of projection models, such as SWAT,
VIC, or deep learning models, influence the trends and quantities of runoff predictions.
According to several assessments, the projected runoff pattern in the YRSR has either
slightly increased or remained unchanged. This finding aligns with our conclusions. Water
resource management holds significant importance in practical applications such as flood
warning and drought monitoring. The high accuracy of the LSTM model makes runoff
forecasting more reliable for practical applications in the source area of the Yellow River.

5. Conclusions

Using input selection, LSTM modelling, and Monte Carlo simulations under future
climate scenarios, a grid-based LSTM runoff projection and uncertainty framework was
employed to forecast future changes in runoff in the YRSR (e.g., SSP1-2.6, SSP2-4.5, SSP3-7.0,
and SSP5-8.5). The results of input selection indicated that precipitation and temperature
were identified as significant variables. Static variables, including the Digital Elevation
Model (DEM) and Normalized Difference Vegetation Index (NDVI), were utilized as input
variables to provide additional information, enhancing the accuracy of runoff projections
from 0.46 to 0.80. LSTM models demonstrated the capability to accurately represent the
relationships among precipitation, temperature, historical runoff, and future runoff at the
grid scale. The LSTM model achieved the highest mean Kling—-Gupta Efficiency (KGE)
score of 0.80, reflecting improvements of 45.45%, 33.33%, and 2.56%, respectively, over
the other three models. Multiple metrics indicate that LSTM models are particularly
effective for runoff projection in the YRSR, showcasing enhanced predictive capabilities.
The projected runoff in the YRSR is anticipated to experience a moderate increase from
2016 to 2045, with average annual runoff gradually increasing from northwest to southeast.
Considering the uncertainty associated with LSTM parameters, annual runoff is expected
to rise, with projection ranges of 148.44-296.16 mm at the 95% confidence level across
various climate scenarios. This methodology is essential for the efficient management
of water resources and the promotion of sustainable economic development within the
YRSR region, especially in light of potential ongoing increases in surface temperatures. In
this paper, we did not explore LSTM models guided by physical mechanisms to enhance
performance, indicating a need for further investigation into this topic. Additionally,
further discussion is warranted regarding the details of this framework, including the
incorporation of additional machine learning techniques, addressing model scalability, and
testing the framework under different climate scenarios.
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