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Abstract: The accuracy of long-term runoff models can be increased through the input of local
weather variables and global climate indices. However, existing methods do not effectively extract
important information from complex input factors across various temporal and spatial dimensions,
thereby contributing to inaccurate predictions of long-term runoff. In this study, local-global-
temporal attention mechanisms (LGTA) were proposed for capturing crucial information on global
climate indices on monthly, annual, and interannual time scales. The graph attention network (GAT)
was employed to extract geographical topological information of meteorological stations, based
on remotely sensed elevation data. A long-term runoff prediction model was established based
on long-short-term memory (LSTM) integrated with GAT and LGTA, referred to as GAT-LGTA-
LSTM. The proposed model was compared to five comparative models (LGTA-LSTM, GAT-GTA-
LSTM, GTA-LSTM, GAT-GA-LSTM, GA-LSTM). The models were applied to forecast the long-term
runoff at Luning and Pingshan stations in China. The results indicated that the GAT-LGTA-LSTM
model demonstrated the best forecasting performance among the comparative models. The Nash-
Sutcliffe Efficiency (NSE) of GAT-LGTA-LSTM at the Luning and Pingshan stations reached 0.87
and 0.89, respectively. Compared to the GA-LSTM benchmark model, the GAT-LGTA-LSTM model
demonstrated an average increase in NSE of 0.07, an average increase in Kling-Gupta Efficiency
(KGE) of 0.08, and an average reduction in mean absolute percent error (MAPE) of 0.12. The excellent
performance of the proposed model is attributed to the following: (1) local attention mechanism
assigns a higher weight to key global climate indices at a monthly scale, enhancing the ability
of global and temporal attention mechanisms to capture the critical information at annual and
interannual scales and (2) the global attention mechanism integrated with GAT effectively extracts
crucial temporal and spatial information from precipitation and remotely-sensed elevation data.
Furthermore, attention visualization reveals that various global climate indices contribute differently
to runoff predictions across distinct months. The global climate indices corresponding to specific
seasons or months should be selected to forecast the respective monthly runoff.

Keywords: monthly runoff prediction; long-short term memory; remotely-sensed elevation information;
local attention; global attention; temporal attention; graph attention work

1. Introduction

Long-term runoff forecasting refers to runoff predictions with lead times spanning
15 days to 1 year and is crucial for water resources development, allocation, and manage-
ment [1-3]. However, the anthropogenic modification of land and atmospheric processes
contributes to a high spatiotemporal variability and uncertainty in runoff [4,5], thereby
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increasing the complexity of long-term runoff forecasting. The application of physical
models for the prediction of long-term runoff has been limited by a scarcity of reliable
meteorological forecasting information and extended lead times [6,7]. By contrast, data-
driven model runoff models can extract the complex and nonlinear relationships between
various input factors and runoff. Unlike traditional methods, the data-driven approach is
not constrained by theoretical limitations to the length of lead time. The adaptability and
operational flexibility of the data-driven model approach have contributed to its extensive
adoption for forecasting long-term runoff [8].

Generally, data-driven runoff forecasting models can be categorized as either sequence
evolution methods (SEMs) or factor-driven methods (FDMs) [1]. FDMs can forecast long-
term runoff by capturing nonlinear and teleconnection relationships between input factors
and runoff. Most existing runoff forecasting models can be classified as machine learning
models, Artificial Neural Networks (ANNs) [9], Support Vector Machines (SVMs) [10],
and Adaptive Neuro-Fuzzy Inference Systems (ANFISs) [11]. These methods, such as the
LSTM [12], were initially used in long-term runoff prediction for inputting into Recurrent
Neural Network (RNN) models due to their good performance [13,14]. Numerous studies
have demonstrated that the LSTM model exhibits a distinct advantage in uncovering long-
term correlations within time series data, especially in the domain of streamflow and flood
forecasting [15-19]. Input factors to the models included local weather variables and global
climate indices. Forecasting of monthly runoff by Song (2021) [20] suggested that integrated
local weather variables and the global climate indices approach can improve the accuracy
of monthly runoff prediction and can provide a physical basis for the model [21].

However, global climate indices and local weather variables can affect the robustness
and accuracy of FDMs [22]. In particular, at monthly, annual, and interannual time scales,
local climate variability and global climate indices demonstrate complex nonlinear rela-
tionships with monthly runoff and exert varying degrees of impact [23-26]. For example,
abnormal precipitation and autumn runoff in southern China have been attributed to
anomalous East Asian circulation, which is caused by a remote correlation wave train
that is influenced by the autumn anomalous sea surface temperature of both the North
Indian Ocean and equatorial western Pacific [27]. In addition, precipitation and runoff in
the Yoshino River Basin, Japan, show a relationship with the El Nifio-Southern Oscillation
(ENSO) over 2-7 years [28]. Previously applied models, such as LSTM, have struggled
to extract the complex dependencies and periodic information of local-global climate in-
formation and runoff time series. Meanwhile, equal weighting of input factors presents a
challenge when forecasting runoff [1].

The attention mechanism, which simulates the way human visual attention focuses on
specific details [29], has been applied in various fields, such as recommender systems [30],
remote sensing image processing [31], natural language processing [32], and time series
analysis [33]. This approach allows rapid identification of valuable information within
vast datasets, thereby contributing to the ability of these models to learn of long-term de-
pendencies [34] improving deep learning models [35]. Currently, the attention mechanism
combined with deep learning has achieved significant success in runoff and flood prediction,
demonstrating excellent interpretability and promising application potential [36-38]. For
long-term runoff forecasting, Han et al. [39] forecasted monthly runoff using an AT-LSTM
model integrated with two attention mechanisms for capturing information from 130 input
global climate indices and hidden layers and improved the accuracy of long-term runoff
prediction. However, previous studies have only roughly captured the annual features of
global climate indices within the forecasting of long-term runoff, with the complex monthly-
scale dependencies of global climate indices and interannual periodic resonance between
global climate indices and runoff being largely ignored. The local attention function is an
attention mechanism that allows the identification of local characteristics while muting
extraneous salient information; the global attention mechanism allows the identification
of key information for all factors [40]; the local and global attention mechanisms allow
the identification of both local and global dependencies of input factors [41]. Attention
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mechanisms based on spatiotemporal features tend to be more accurate and robust com-
pared with traditional deep-learning models [42]. Monthly and annual time scales of global
climate indices can be regarded as spatial features, whereas interannual time scales can be
viewed as temporal features. The present study applied the local-global-temporal attention
mechanism (LGTA) approach to capture the complex dependencies between global climate
indices at monthly, annual, as well as interannual time scales, respectively. This approach
allowed the identification of the nonlinear relationships between global climate indices and
runoff and improved the physical interpretability of the proposed model.

Previous studies have also ignored geographical topological information for meteoro-
logical stations in runoff prediction [21,43]. The Spatiotemporal Attention-LSTM model
(STA-LSTM) has been proposed to allow extract the spatial information for meteorological
stations [44]. However, this method analyzes precipitation data according to spatial infor-
mation and does not provide an in-depth representation of the convergence dynamics of
precipitation data [45]. Remote sensing elevation data effectively reflect the topological re-
lationships between precipitation stations and are utilized to extract information regarding
the flow of precipitation toward river confluences [46,47]. The Graph Attention Network
(GAT) is used to obtain the spatial connectivity and geographical topological information
of various data points based on remotely sensed elevation information and to forecast
streamflow [48]. Chen et al. (2021) [45] used GAT to extract the geographical topological
characteristics of rainfall and for forecasting floods based on LSTM, thereby improving
the forecast accuracy. However, not all geographical topological information contributes
positively to the accuracy of runoff forecasting. Since the GAT has not been applied for
extracting precipitation information by combining with the attention mechanism in FDMs,
its efficacy of improving long-term prediction of runoff remains unknown. The present
study applied GAT coupled with the attention mechanism to capture both the important
spatial and temporal connectivity of precipitation and to establish the performance of the
model in long-term runoff prediction.

The objective of this paper was, therefore, to develop a new long-term runoff forecast-
ing model that integrates LSTM, GAT, and LGTA, and focus on the underlying mechanisms
of the model for improving the prediction accuracy. The innovations of this paper are given
as follows: (1) propose the LGTA for capturing and interpreting the complex dependencies
of global climate indices at the monthly, annual, and interannual time scales; (2) combine
GAT with global-temporal attention mechanisms for capturing the important temporal and
spatial information from precipitation and remotely-sensed elevation data; and (3) propose
the GAT-LGTA-LSTM model for forecasting long-term runoff based on remotely-sensed el-
evation, historical global climate indices, precipitation, and runoff data, thereby improving
the accuracy, robustness, and physical interpretability of FDMs. The present study applied
the model to the Jinsha River as a case study.

2. Methods

The flow diagram for our study is described in Figure 1. First, remotely sensed
elevation data, global climate indices, precipitation, and historical runoff data are selected
as inputs for the proposed model. The precipitation and global climate indices input into
the prediction model are lagged by 1 to 12 months. The Maximal Information Coefficient
(MIC) is used to calculate the nonlinear correlation between global climate indices and
runoff, followed by applying the Hampel test to filter out the indices highly correlated
with runoff.

Second, in the proposed model, precipitation and remotely sensed elevation data
are processed by the GAT to generate geographical topological precipitation data. The
global climate indices selected by the Hampel test are first weighted using local attention
mechanism. Then, the geographical topological precipitation data and the local attention
matrix are integrated into a framework featuring global and temporal attention mechanisms
before being fed into the LSTM. At the same time, the historical runoff data lagged by
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11 months are also input into the LSTM, which ultimately produces a prediction for runoff

at one-month time steps.

Third, five comparison models were developed for comparing with the proposed
model, using performance evaluation metrics to assess the performance of all models.
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Figure 1. Schematic description of the experimental procedure.

2.1. GAT-LGTA-LSTM Model

2.1.1. Graph Attention Network

The GAT [48] allows the extraction of the most important aggregated information
and can outperform Graph Convolutional Neural Networks (GCNs) in extracting spatial
relationships of nodes in directed graph applications [49]. The present study used GAT to
processes precipitation data. Inputs to a GAT are feature vectors for each node, where the
meteorological station and precipitation data represent the node and input, respectively.
The essence of this method involves collecting attention weight [-level neighborhood
precipitation data for each meteorological station within the precipitation map. The input
signal for the precipitation map is denoted by &, while h” is the transpose vector of h. And
the attention weight characteristic matrix of precipitation was calculated as

A =hh"

1)

The adjacency matrix A was used to filter the attention characteristic matrix A, ;.
The connections between river channels and meteorological stations were conceptualized
as the edges of the GAT. The directions of edges were established based on remotely-
sensed elevation data. ArcGIS 10.2 is used to extract digital elevation data from remote
sensing images in the target basin. The spatial arrangement of meteorological stations was
transformed into a directed graph and characterized by the adjacency matrix A. The value
of a;; is 1 when the rainfall can converge from station i to station j. The adjacency matrix

elements were formulated as

A;j was filtered by A as

[ Tif=> )
U7 Oelse
A=A A

where A/ jis the filtered attention characteristic matrix of precipitation data.

()

)
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Finally, the new meteorological station feature vectors were obtained in Equation (5).

o ’ Wi
hi =0 (Y ey, AijWh)) (4)

where ¢ denotes the non-linear activation function and W is a linear transformation matrix
applied to all meteorological stations.

The model provided new feature vectors by determining the topological relationship
of features of the nodes, as follows:

- = — —
h’:{ i,h’z---h%};hgeRP’ (5)

where /' is the new feature vectors and P’ is the hidden channels of GAT.

2.1.2. Extracting Crucial Information by LGAT and GAT

Previous researches have demonstrated that global climate indices significantly impact
runoff across various time scales [50,51]. The uneven distribution of precipitation across
various temporal and spatial dimensions influences runoff [52]. However, previous studies
forecasted monthly runoff using global climate indices and precipitation data failed to
adequately extract complex input factor information from the various dimensions, thereby
compromising predictive accuracy. Li et al. [53] have demonstrated that local and global
attention mechanisms possess advantages in identifying crucial local and global informa-
tion in input images. Additionally, Fan et al. [54] have shown that temporal attention
mechanisms can effectively extract important information from time series. Therefore, the
study proposed the LGTA to individually extract information on monthly, annual, and
interannual scales from global climate indices, and integrated GAT and LGTA to extract
crucial topological information from precipitation and remotely-sensed elevation data. As
shown in Figure 2, the timeseries driving data represent the timestep T of the deep learning
model. The yellow blocks represented precipitation data of length T in the driving series,
with a data structure of T x M. The GAT was utilized to extract temporal and spatial
information from the time series of precipitation data at driving series T.

Local attention (monthly) Gf\T

I 1 v N
v

Y
(renuuriayun)
uonuane [ejodwa |

NN NN NN

i T I \T><m

-

Y
Global attention (annual)
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Figure 2. Conceptual representation of the process followed to obtain crucial information for the
input factors at different time scales. The yellow and green blocks represent precipitation data and
global climate indices at series T, respectively. The pink blocks represent a sliding window at the
monthly time scale.

The green blocks in Figure 2 represented the time series of global climate indices at
driving series T, with a data structure of T x M. The sliding window (highlighted in pink in
Figure 2) was designed to compute the rolling local attention weight for each month within
the historical monthly dataset of the global climate indices. The physical significance of
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the weight was its representation of the extent to which the global climate indices affect
predicted monthly runoff on the monthly scale. The sliding window had a size of 1 month,
with the sliding historical sequence spanning one year. The global climate indices matrix
for each month was T x m, in which m represented the number of global climate indices
for each month. The variations in global climate indices and value of m vary each month.

The present study applied the global attention mechanism to extract crucial infor-
mation from all precipitation and global climate indices for the historical month (T x M).
The physical significance of the global attention mechanism was its representation of the
influence of input factors on predicted monthly runoff at the annual scale. Finally, the
temporal attention mechanism was used to extract the weights of input factors at the forcing
data series T, which represented the impacts of input factors on predicted monthly runoff
at the interannual time scale.

2.1.3. The Structure of the GAT-LGTA-LSTM Model

The LSTM model exhibits significant potential for development due to its excellent
performance and physical interpretability in the field of streamflow forecasting [55-57].
Consequently, the GAT-LGTA-LSTM model was constructed by integrating GAT, LGTA,
and LSTM. The inputs to the model include precipitation data and global climate indices.
The model performed rolling predictions of monthly runoff. The present study used
precipitation and global climate indices with strong correlations to the forecast month for
simulate monthly runoff. Figure 3 shows the structure of GAT-LGTA-LSTM. The steps
following in application of the model are outlined below.

o
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Figure 3. Structure of the graph attention network (GAT)-local-global-temporal attention mechanism—
(LGTA)-long—short term memory (LSTM) model. {p}, Pz, ... pi} and {etl, ez,... e} } represent pre-
cipitation and the teleconnection factor (global climate indices) inputs at time ¢, respectively; 7 to 7,

represent the historical runoff inputs.

(1) The GAT was used to process the input historical monthly precipitation data
{Pi, Pﬁ, . Pti, P’T} based on remotely sensed elevation data, where i is number of meteoro-
logical stations and T is the length of the driving data series; { p}, p?,...p.} represented the
historical monthly precipitation data at time ¢. The geographical topological precipitation
series denoted as {g}, g7, ... gé} at the time t was obtained by GAT, which includes topo-
logical information from different meteorological stations. Meanwhile, the global climate
indices with a strong correlation {E{”, EY,...Ef", E?} were also input to the model, where
m denotes the numbers of global climate indices. The global climate indices at time ¢t were
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denoted as {e},e7,...e"} and were generated using the tanh function. Softmax was then
employed for activating different local attention weights, as follows:

exp(v'tanh(Wek + b))

m (6)
Y. exp(vitanh(We™ + b))
k=1

af = softmax(ef) =

where af denotes the weight of the k-th feature at the time ¢ and ¢f, W, and b are the
parameters to be learned by the model.

The local attention weight was assigned to the input monthly global climate indices
{elal,e2a?,...e"al"} at time t, respectively.

(2) The processed precipitation series at time ¢ {g},g7,... g} was combined with

the global climate indices series {eja},e?a?,...e/"a"}, thereby generating the new series
{xtl, x%, ... xi*m } The global attention weight was calculated as
Kk exp(o” tanh(W[h; ;51 4] + Ux*))
Bi = itm @)
Y exp(vTtanh(W(h_1;8:-1] + Uxitm)
k=1

where Bf is the weight of the k-th feature at time t; v, W, and U are the parameters to be
learned in the model; and h; 1 and s;_1 denote the hidden state and cell state of the LSTM
cell at time t — 1, respectively.

The global attention weight was assigned to the series at time ¢ {x}, xZ,... xi*’”} as
Xy = ‘31x§+m,‘82xé+m, ... ‘thfrm, and the result of all the time series {X7,X,,...X;} were
used as input to the LSTM cells.

(3) The series {X7, X, ... Xt } was processed by the LSTM cells and the hidden state of

every timestep {hy, hy, ... ht} was extracted. Temporal attention was calculated as

o, — exp(vTtanh(W[dy_1;s}, ] + Uhy))
=

(®)

t; exp(vTtanh(W(dy_1;s}, 4] + Uht)

where 9;, is the weight of the timestep t at time ¢/; T, W, and U are the parameters to be
learned during model training; and dy,_1 and s; ,_1 denote the hidden state and cell state of
the LSTM cell at time ¢/ — 1, respectively.

The temporal attention was assigned to the hidden state series of every timestep as
{61h1,62hy, . ..07hT}, and the context vector of every timestep was calculated as

T
=Y 0 9)
=1

where t/ denotes the time required for calculating the context vector.
(4) Data on the monthly runoff series and context vector were combined as

v =w'lyy;cu] +b (10)

where ¥/ is the combined result at time #/; y, denotes the monthly runoff series at time 1 to
t/; and w' and b are the weight matrix and bias vectors, respectively.

The series {11, 12, ...y} was input into the LSTM cells, with a dr representing the
final output of the LSTM cells.

(5) The cr, dr, and continuous historical runoff for the past H months of the prediction
target month {ry,ry,73,...7,} were concatenated and input into the LSTM. The linear layer
was used to obtain the final result y,, 41 from the output of LSTM.
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2.1.4. Comparative Models

The present study compared five models to the proposed GAT-LGTA-LSTM model,
namely LGTA-LSTM, GAT-GTA-LSTM, GAT-LSTM, GAT-GA-LSTM, and GA-LSTM.
Figures 4 and 5 show the architectural details of the GTA-LSTM and GA-LSTM models,
respectively. The GTA-LSTM model was based upon the GAT-LGTA-LSTM model, al-
though it excluded GAT and the local attention mechanism while retaining the global and
temporal attention mechanisms. The GA-LSTM model was derived from the GTA-LSTM
model, with the temporal attention mechanism excluded while the global attention mecha-
nism was retained. The GA-LSTM model is essentially the attention-LSTM model, which
was taken as the benchmark model [58]. The remaining LGTA-LSTM, GAT-LSTM, and
GA-LSTM models were derived from the GAT-LGTA-LSTM, the GAT-GTA-LSTM, and
GAT-GA-LSTM models, respectively, with the removal of GAT and are not discussed in
more detail in section.

?
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Figure 4. Structure of the global-temporal attention mechanism (GTA)-long-short term memory
(LSTM) model.
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Figure 5. Structure of the global attention mechanism (GA)-long-short term memory (LSTM) model.
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2.2. Maximal Information Coefficient

Reshef et al. [59] proposed the MIC for quantifying relationships between two con-
tinuously distributed random variables. The value of the MIC falls between 0 and 1
and represents the strength of a correlation. The present study applied this approach to
identify correlations between global climate indices and runoff. The mutual information
was given as

MIC(D,X,Y) = max _bXY) (D.'X'Y) = max —maXG.I(D‘G) (11)
xy<B(|p|)log, min{X,Y}  xv<p(|p|)log, min{X, Y}

where variable X = {x;,i =1,2,...,n} and variable Y = {y;,i = 1,2,...,n}; n is the length
of variable; D = {(x;,y;),i = 1,2,...,n} and is a set of ordered pairs; |D]| is the length of
the dataset D; D | G represents the probability distribution formed by the data D across the
cells of grid G; I(D | G) is the mutual information; and B is the upper bound of the grid size,
which is often set to n.

Then, the Hampel test [60] was applied to select the global climate indices that are
strongly correlated with the runoff for each month, based on the results of MIC.

2.3. Performance Metrics

The Nash-Sutcliffe coefficient of efficiency (NSE), Kling-Gupta Efficiency (KGE), mean
absolute error (MAE), and mean absolute percentage error (MAPE) were used to evaluate
the performances of the prediction models. These performance metrics are extensively
utilized in the performance assessment of prediction models [61-63]. The NSE is utilized
to quantify the forecasting accuracy of prediction models. The NSE value ranges from
negative infinity to 1, with values closer to 1 indicating higher model prediction accuracy.
The KGE combines three statistical metrics, the correlation coefficient, variability ratio, and
bias ratio, into a single measure of model performance. The KGE ranges between -infinity
and 1, where a value of 1 indicates perfect agreement between the model predictions and
the observed data. The MAE reflects the average absolute error between the predicted
and observed values. The MAPE represents the relative error between the predicted and
observed values expressed as a percentage, placing greater emphasis on relative error. The
MAE and MAPE have a range from 0 to positive infinity, with smaller values indicating
higher model accuracy.

The coefficient of determination (R?) was used to evaluate the correlation between the
observed and predicted monthly runoff. The performance metrics are expressed as follows:

N A YA

NSE = 1 — % (12)
Yisi (vi—v)
KGE:l—\/(A—1)2+(7—1)2+(R—1)2 (13)
~ i — il

MAE = =N (14)

_ 1IN |y
MAPE = =3 0, m (15)

2

R2— L i =) @i - 9) (16)

where N is the count of observations; y; and #j; represent the observed and predicted
monthly runoff at time I, respectively; i and § represent the average value of observed and
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predicted monthly runoff, respectively; A = y;/py is the mean bias and y = 0y/0y is the
variability bias; and yu and ¢ are the mean and standard deviation, respectively.

3. Study Area and Model Parameters
3.1. Data and Study Area

The Jinsha River forms part of the upper reaches of the Yangtze River basin. The
basin covers a catchment area of 387,540 km?, with a total length of 3481 km. The multi-
year average rainfall ranges from 550 to 1650 mm, and the annual evapotranspiration
ranges from 329.2 to 430.6 mm [64,65]. The average annual runoff of the Jinsha River is
145 billion m? [66]. Figure 6 shows the spatial distribution of river systems, meteorological
stations, and hydrological stations in the study area. Monthly observed runoff measured at
the Luning and Pingshan hydrological station was provided by the Hydrological Bureau
of the Yangtze River Water Resources Commission. The runoff series at the study site
is shown in Figure 7. All runoff sequences have no missing values and exhibit strong
seasonality. The runoff dataset covers the Luning station from January 1974 to December
2012, spanning 468 months. The dataset was divided into a training dataset (1974-2005)
and test dataset (2006-2012). The runoff dataset was of Pingshan station from January 1974
to December 2015, spanning 504 months. The dataset was divided into a training dataset
(1974-2006) and a test dataset (2007-2015). Monthly precipitation data were obtained from
the Meteorological Data Center of the China Meteorological Administration. Meanwhile,
global climate indices relevant to the study area were selected to forecast monthly runoff, as
shown in Table 1. These indices have been proven to exert either a direct or teleconnected
influence on the study area [67-70]. The indices were obtained from the National Climate
Center of the China Meteorological Administration. The detail the global climate indices
selected by Hampel test for each month are given in Appendix A, Table Al. The lengths of
the precipitation and global climate indices time series aligned with the runoff time series.
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Figure 6. Location of catchments, meteorological stations, and hydrological stations in the
study catchment.
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Figure 7. Time series of the monthly runoff for the two case studies (Luning and Pingshan station).

Table 1. Information of selected global climate indices.

Categories Number Name Description
01 WPSH Wes'tt'ern Pacific Subtropical High Ridge
Position Index
02 APV Asia Polar Vortex Intensity Index
03 NHPV Northgrn Hemisphere Polar Vortex Central
Intensity Index
Climate indices 04 EAT East Asian Trough Intensity Index
05 TPR1 Tibet Plateau Region 1 Index
06 TPR2 Tibet Plateau Region-2 Index
07 AO Arctic Oscillation
08 NAO North Atlantic Oscillation
09 PNA Pacific North American Index
10 AZC Asian Zonal Circulation Index
s Extreme Eastern Tropical Pacific SST (0-10S,
11 Nifio 1 + 2 90-80W)
12 Nifio 3 Eastern Tropical Pacific SST (5SN-5S, 150-90W)
13 Nifio 4 Central Tropical Pacific SST (5N-5S,
Sea Surface Temperature 160E—150W)
(SST) Indices n East Central Tropical Pacific SST (SN-5S,
14 Nifio 3.4 170-120W)
o Western Tropical Pacific SST (25N-35N,
15 Nifio A 130-150E)
16 WHWP Western Hemisphere Warm Pool Index
17 IOWP Indian Ocean Warm Pool Strength Index
18 WPWP Western Pacific Warm Pool Area Index
19 AMO Atlantic Multi-decadal Oscillation Index
20 SOI Southern Oscillation Index

Other Indices 21 QBO Quasi-Biennial Oscillation Index
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3.2. Hyperparameters of Models and Settings

In this study, the Grey Wolf Optimizer (GWO) algorithm selected the optimal combi-
nation of model hyperparameters [71]. For the proposed model, batch size and timestep
are the key hyperparameters influencing model performance. The average MAPE and
average training time of the GAT-LGTA-LSTM model were analyzed based on variations
in these hyperparameters (Figure 8). As shown in Figure 8, when other hyperparameters
remain unchanged, both an increase or decrease in the time step and batch size leads to an
increase in MAPE. Meanwhile, as the time step and batch size increase, the training time of
the proposed model gradually increases, with the batch size showing the most significant
impact. Therefore, the present study employed a batch size and time step of 12 and 7,
respectively. All models utilized a hidden layer with 128 neurons. The initial learning rate
was set to 0.001. The maximum train epoch was defined as 300. The Pytorch 1.8 framework
in Python 3.8 was utilized to develop the models. The computer hardware specifications
used in the present study are NVDIA GeForce GTX 1650 Ti with Max-Q Design and Intel(R)
Core (TM) i7-10750H CPU with 32 GB Memory. The computation time for the six models
ranged from 30 to 40 min. All the prediction models were repeated ten times, followed by
the computation of average values for each evaluation index.

0.26 Batch size = 12, Hidden layer = 128, Learning rate = 0.001 0.26 Tmestep = 7, Hidden layer = 128, Learning rate = 0.001
[ MAPE—e— Time| 24 I MAPE—e— Time| 24
22 22
0.24 50 =y 0.24 20
2 g
E» EE g
< 183 < o
= E = E
165 =
0.22 0.22
14
12
0.20 0.20
5 6 7 8 9 8 10 12 14 16
Timestep Batch size

Figure 8. Variations in MAPE and training time with changes in hyperparameters.

4. Results
4.1. Model Comparison and Analysis

Table 2 provides a summary of the performances of the GAT-LGTA-LSTM model
and five other comparative models. For the two stations, the GAT-LGTA-LSTM model
outperformed the other models in most cases, exhibiting higher average NSE and KGE. The
GAT-LGTA-LSTM also produced lower average MAPE and MAE. The LGTA-LSTM model
showed the second-best performance. The smaller difference in average NSE and KGE
between the training and test periods for the GAT-LGTA-LSTM model compared to those
of the other models was further confirmation of the robustness of the GAT-LGTA-LSTM
model. During the testing period, the GAT-LGTA-LSTM model achieved NSE values of
0.87 and 0.89 at Luning and Pingshan stations, respectively. For the predictions on the
Pingshan and Luning test datasets, the GAT-LGTA-LSTM model improved NSE by 0.07
and 0.08 and KGE by 0.08 and 0.09, reduced MAPE by 0.11 and 0.13, and decreased MAE
by 78.41 m3/s and 237.5 m?/s, respectively, compared to the GA-LSTM benchmark model.
Meanwhile, the NSE and KGE values of LGTA-LSTM exceeded those of GTA-LSTM by
0.05 and 0.06 at Luning and Pingshan stations, respectively. Furthermore, both MAPE
and MAE of the LGTA-LSTM were lower than those of the GTA-LSTM at both stations.
The results suggested that the local attention mechanism based on global and temporal
attention mechanisms can enhance the ability of the model to extract information from
global climate indices.
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Table 2. The monthly runoff forecasting performances of the graph attention network (GAT)-local-
global-temporal attention mechanism, (LGTA)-long-short term memory (LSTM) model, and other
comparative prediction models.

Training Testing
Station Model NSE  KGE MAPE  MAE NSE  KGE MAPE  MAE
(m°/s) (m>/s)
GAT-LGTA-LSTM  0.90 0.92 0.22 225.83 0.87 0.88 0.24 251.59
LGTA-LSTM 0.88 0.91 0.23 241.64 0.85 0.86 0.26 287.42
Luning ~ GAT-GTA-LSTM 0.87 0.89 0.24 257.28 0.82 0.82 0.29 303.18
GTA-LSTM 0.85 0.86 0.26 275.72 0.80 0.80 0.35 344.75
GAT-GA-LSTM 0.86 0.86 0.25 263.85 0.81 0.81 0.32 312.74
GA-LSTM 0.85 0.88 0.26 281.11 0.80 0.80 0.35 330.65
GAT-LGTA-LSTM 0.9 0.92 0.16 642.19 0.89 0.91 0.18 683.29
LGTA-LSTM 0.90 0.91 0.23 720.01 0.86 0.87 0.25 812.33
Pingshan  GAT-GTA-LSTM 0.89 0.89 0.24 739.55 0.83 0.84 0.27 869.98
GTA-LSTM 0.89 0.89 0.25 75050 0.81 0.81 0.30 995.08
GAT-GA-LSTM 0.88 0.89 0.25 784.06 0.82 0.83 0.27 893.82
GA-LSTM 0.88 0.88 0.25 769.46 0.81 0.82 0.31 920.79

The performances of GAT-LGTA-LSTM, GAT-GTA-LSTM, and GAT-GA-LSTM
models over the test period exceeded those of the LGTA-LSTM, GTA-LSTM, and GA-
LSTM models at both the Luning and Pingshan stations. The result further confirmed
that GAT improves the ability of a model to forecast monthly runoff by extracting spatial
topological structures and remote sensing elevation information of meteorological stations.
At the two stations, the incorporation of the GAT resulted in the most significant accuracy
improvement in the LGTA-LSTM model compared to the GTA-LSTM and GA-LSTM
models. Following the incorporation of the GAT into the LGTA-LSTM model at Luning
Station, the NSE increased by 0.02, KGE increased by 0.02, MAPE decreased by 0.02, and
MAE dropped by 35.83 m3/s. Similarly, at Pingshan Station, the addition of GAT resulted
in a 0.03 increase in NSE, a 0.04 improvement in KGE, a 0.07 reduction in MAPE, and a
129.04 m3/s decrease in MAE. This suggests that the combination of GAT and LGTA results
in the most substantial enhancement in both model accuracy and robustness.

4.2. Evaluation of Prediction Results

Figure 9 summarizes the predictive capabilities of the assessed models. For the
two stations, the compared models generally overestimated and underestimated low and
high runoff when compared to observed values, respectively. In contrast, the predictions
of runoff by the GAT-LGTA-LSTM model were, in general, more reflective of observed
runoff, particularly the low and high extremes, obtaining the highest R? at the Luning and
Pingshan station. The incorporation of GAT based on GA, GTA, and LGTA increased model
performance by an R? range of 0.1 to 0.2. For two stations, the incorporation of a local
attention mechanism in the models has resulted in R? increases of 0.2 and 0.3, consistent
with the findings in Table 2.

Figure 10 displays the predicted and observed values at the Luning and Pingshan
stations during the test period. As shown in Figure 10, at the two stations, all assessed
models performed well in predicting high runoff. However, some models overestimated
higher runoff. At the Luning station, the high monthly runoff predictions of the GAT-
LGTA-LSTM model for the years 2006, 2009, and 2012 are closer to the observed values. All
comparative models generally overestimated lower runoff, while the GAT-LGTA-LSTM
model yielded a more accurate representation of lower runoff, particularly for the years
2008 and 2009. At the Pingshan station, the GAT-LGTA-LSTM model provided estimates of
high runoff that were closer to observed values, including in 2007, 2010, 2011, and 2014. In
forecasting low monthly runoff, the GAT-LGTA-LSTM model also demonstrated superior
predictive performance for the years 2007, 2010, and 2012, relative to other models. As
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shown in Figures 9 and 10, at the two stations, all of the assessed models performed well in
forecasting high monthly runoff in the test period, whereas the GAT-LGTA-LSTM model
achieved the best performance, particularly in low runoff predictions.
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Figure 9. Simulated versus observed monthly runoff and the fitted regression lines for the graph
attention network, (GAT)-local-global-temporal attention mechanism, (LGTA)-long—short term

memory (LSTM), and other models.
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mechanism and the (LGTA)-long—short term memory (LSTM) model and other models in simulating

monthly runoff.



Remote Sens. 2024, 16, 3659

15 of 25

4.3. Visual Attention Analysis

The present study explored the weights of local, global, and temporal attention mech-
anisms in the GAT-LGTA-LSTM model by visualizing local attention on global climate
indices and global attention weights for both precipitation and global climate indices. Tak-
ing the Pingshan station as an example, the average local, global, and temporal attention
weights in the GAT-LGTA-LSTM model were calculated by running 10 times. A more
intuitive representation of the weight allocation of global climate indices was achieved by
grouping the local attention weights of global climate indices with their corresponding
global attention weights in Figure 11. There were differences in the average weights of
indices among the different months due to the varying number of factors in each month.
Therefore, the terms “high” and “low” were used to describe the magnitude of local atten-
tion weights for each month. As shown in Figure 11, indices with a high local attention
weight did not necessarily have a high global attention weight. However, indices with a
high global attention weight tended to have a correspondingly high local attention weight.
When the local and global attention weights of the index are both high, it indicates a
significant contribution to runoff forecasting.

Number of Indices

Jun Jul Aug

04Sep!
06Sepl

05 gept 09,,,

Nov
Month

Figure 11. Visualization of the local-global attention weight over twelve months. Brown represents
the local attention weight, while the corresponding global attention weight, positioned to the right,
is indicated in blue. In the heatmap representing local attention weight, each number denotes an
identifier of a global climate index that passed the Hampel test, and the subscript of each number
specifies the corresponding month of the global climate index.

Furthermore, different global climate indices exhibited distinct local and global
weights in different seasons and months. The AMO and WPWP demonstrated a greater
weight for winter and spring runoff forecasting. And the TPR2 played a significant role
in the spring runoff forecasting. The WPSH, Nifio 1 + 2, and Nifio 3 provided substantial
contributions to summer runoff forecasting. Meanwhile, the EAT, APV, and NAO exhibited
higher local and global attention weights in autumn runoff forecasting, which indicates
significant contributions. However, the contributions of indices such as IOWP, AO, PNA,
and SOI to monthly runoff prediction are not significant across various months. The results
indicated that, within the same monthly scale, the contributions of global climate indices to
monthly runoff predictions vary significantly. Furthermore, various global climate indices
contribute differently to runoff predictions across distinct months.

The global attention distribution of precipitation is shown in Figure 12. It can be
observed that meteorological stations located closer to the hydrological stations were
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assigned a higher proportion of the global attention weight for the month preceding
the prediction month. The global attention weight gradually decreased with increasing
distance between meteorological stations and the hydrological station. In addition, the
global attention weight for precipitation decreased over time. The results indicated that the
global attention integrated with GAT effectively extracts crucial precipitation information
across both temporal and spatial dimensions. The interannual weight of all input factors is
illustrated in Figure 13. It can be found that factors from the year preceding the prediction
month were assigned higher weights in the GAT-LGTA-LSTM model, with these weights
decreasing over time.
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Figure 12. Visualization of the global attention weights of meteorological stations over time of
precipitation.
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Figure 13. Visualization of the temporal attention weights of all input factors.

5. Discussion

The results indicated the GAT-LGTA-LSTM model achieved the best accuracy in
predicting runoff among the assessed models at Luning and Pingshan stations. Xiong
et al. [21] used 50 years of continuous runoff data to predict monthly runoff at Pingshan
Hydrological Station, achieving a maximum coefficient of determination of 0.86. Han
et al. [39] found that the traditional physical model, the two-parameter monthly water
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balance (TWB) model, using precipitation and potential evapotranspiration over a 49-year
time series as inputs as inputs, achieved a prediction NSE of 0.83 at Pingshan Station. The
GAT-LGTA-LSTM model, assessed in the present study, was trained on 42 years of data
and achieved an NSE of 0.89 at Pingshan station. Therefore, the GAT-LGTA-LSTM applied
to the Pingshan Hydrological Station improved forecasting accuracy using a shorter period
of data. This result can be attributed to the more comprehensive input data included in
the model, including remotely sensed elevation data, historical runoff, precipitation data,
and global climate indices, as well as the distinct processing methods used for different
types of input factors. The local attention mechanism and GAT were initially used to
extract information for global climate indices and geographical topological characteristics
of precipitation, respectively. Subsequently, this information was obtained using the
global and temporal attention mechanisms. LSTM was used to extract information for the
continuous historical runoff data.

5.1. Underlying Mechanisms Used in the Proposed Model for Extracting Global Climate
Indices Information

The results of the present study showed that the addition of the local attention mecha-
nism improved model prediction accuracy, resulting in average NSE increases of 0.04 and
0.05 at Luning and Pingshan stations, respectively. Mirsamadi et al. [64] demonstrated that
the local attention mechanism can be used for focusing on specific regions of a speech signal
that are more salient. The results indicated that the local attention mechanism enabled the
extraction of monthly-scale global climate indices information, thereby significantly increas-
ing the capacity of the model to capture global climate indices information. In addition, the
local-global attention mechanisms enabled the efficient use of local and global information,
thereby focusing on the most appropriate area of contextual frames [72-74]. As shown in
the Section 4.3, synergistic integration of the local-global attention mechanisms enhanced
both local and global weights, thereby capturing crucial global climate indices information.

The study area is located in the upper reaches of the Yangtze River Basin. Previous
studies have demonstrated that indices such as the AMO, NAO, WPWP, Nifio 1 + 2, Nifio
A, Nifio 3.4, AO, and WPSH significantly influence summer precipitation in the Yangtze
River Basin, consequently impacting runoff variability in the region [69,75-81]. Meanwhile,
global climate indices such as AMO, EAT, and NHPVI can further affect the runoff in the
Yangtze River Basin by influencing winter temperatures in the region [82-85]. This study
indicates that these indices have varying attention weights and contributions to runoff
prediction in the study area. In addition, the calculation of the elasticity coefficient for
the global climate index (defined as the ratio of a £10% fluctuation in the index to the
corresponding change in predicted runoff) revealed that this index exhibits high sensitivity
to runoff predictions (Figure 14). Specifically, the WPWP, TPR2, AMO, NAO, and WPSH
demonstrate high sensitivity in model predictions, underscoring their significant impact on
model outputs. Conversely, the IOWP, AO, and SOI exhibit lower sensitivity compared to
other indices, aligning with the patterns outlined in Section 4.3.

However, while these global climate indices are associated with the meteorology of
the study area, their contributions to monthly runoff prediction vary. Hence, it is essential
to carefully consider the capabilities of global climatic indices in predicting monthly runoff
within the same month scale. In addition, previous researches indicate that various global
climate variables have distinct effects on monthly and seasonal climate [86-88]. The present
study found that the global climate indices contribute differently to runoff forecasting in
various months. Therefore, for forecasting monthly runoff, using a fixed set of indices for
all months is unsuitable. Instead, it is recommended to select the indices corresponding to
a specific season or month.
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Figure 14. The elasticity coefficient of global climate indices.

The present study determined the optimal timestep of the GAT-LGTA-LSTM model
to be seven. This result indicated that optimal simulation of monthly runoff can be achieved
using input data for the previous 6 years. The temporal attention mechanism assigned
distinct weights to different historical years of the prediction month, with the weight
increasing with decreasing distance to the historical year. This result can be attributed
to the current year’s precipitation having the greatest impact on runoff in the forecast
month [89,90]. Furthermore, the weights applied to the other years exhibit only slight
decreases compared to that of the first historical year. For instance, the weight of the second
historical year was only 1.1% lower than that of the first historical year, whereas that of
the sixth year was 2.4% lower than that of the first historical year. The pattern could be
attributed to the close relationship between most global climate indices and runoff during
the previous historical years. Previous studies have demonstrated that El Nifio, NAO,
AMO, and WHWP significantly impact meteorological and hydrological factors in the
Yangtze River Basin across different interannual scales [91-95].

5.2. Underlying Mechanisms Used in the Proposed Model to Extract Precipitation Information

Previous studies indicated that the GAT robustly extracts geographical topological
information on meteorological stations based on remotely sensed elevation data [96]. In
this study, the GAT provided the spatial topological information of the meteorological
stations to the global attention mechanism. As shown in Section 4.3, the global attention
mechanism effectively captured precipitation information across both temporal and spatial
dimensions. Therefore, the performances of the prediction models were improved by the
inclusion of GAT. In addition, the impact of a meteorological station on runoff increased
with decreasing distance between the meteorological station and the Pingshan hydrological
station, consistent with the findings of Chang et al. [97]. The results of the present study
showed that precipitation concentrated in the first historical month had a significant impact
on monthly runoff. Kai et al. [98] identified a lag of 20-30 d between precipitation and
runoff in the Jinsha River basin, consistent with the results of the present study.

Furthermore, the greatest improvement in the GTA-LSTM model prediction was
achieved when it was integrated with GAT and local attention mechanisms to produce the
GAT-LGTA-LSTM model. At the Pingshan and Luning stations, the GAT-LGTA-LSTM
model achieved NSE improvements of 0.07 and 0.08 and reductions in MAE of 93.16 m3/s
and 311.79 m3/s, respectively, compared to the GTA-LSTM model. This improvement in
prediction accuracy could be attributed mainly to (1) the ability of GAT to effectively extract
geographical topological precipitation information to the global attention mechanism based
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on remotely sensed elevation information of meteorological stations [45] and (2) the ability
of the local attention mechanism to highlight crucial global climate indices information
while attenuating less important details [40]. This approach provided more meaningful
local and global climate information for the global and temporal attention mechanisms than
the equally weighting factor input method. Hence, the proposed model could significantly
improve the prediction accuracy.

6. Conclusions

The present study proposed a novel monthly runoff prediction model (GAT-LGTA-
LSTM) constructed by integrating GAT, LGTA, and LSTM. The data input into the proposed
model include remotely sensed elevation data, global climate indices, precipitation, and
runoff factors. The Jinsha River was selected as a case study. The performance of the GAT-
LGTA-LSTM model was compared to those of five other models. The local, global, and
temporal attention weights of inputs were analyzed to identify the underlying mechanisms
of the proposed model. The main conclusions of the present study can be summarized
as follows:

(1) The GAT-LGTA-LSTM model achieved the optimal performance in simulating
runoff when compared to the other assessed models, particularly within the representation
of low flows. The results indicated that the optimal estimation of runoff required the
inclusion of local, global, and temporal attention mechanisms. The incorporation of the
local attention mechanism along with GAT improved the accuracy and robustness of
monthly runoff prediction.

(2) The results indicated that the GAT-LGTA-LSTM model can effectively capture the
information provided by remote sensing elevation data. The optimal performance of the
GAT-LGTA-LSTM model could be attributed to its capacity to effectively capture pivotal
information associated with geographical topological precipitation data and global climate
indices. The local attention mechanism assigns a higher weight to the key information of
global climate indices at monthly time scales. Therefore, the incorporation of both local and
global attention mechanisms in the model facilitated the detailed capture of global climate
indices” key information at monthly and annual time scales. In particular, the global atten-
tion mechanism combination with GAT allowed the more effective extraction of temporal
and spatial precipitation data. Finally, the inclusion of the temporal attention mechanism
allowed the extraction of important information for input factors at an interannual time
scale, thereby improving the performance of the prediction model.

(3) For monthly runoff forecasting using global climate indices, it is necessary to select
the appropriate set of predictive global climate indices more precisely for different seasons
or months, rather than using a fixed set of indices to forecast runoff for all months.

(4) The proposed model is well-suited for long-term runoff forecasting tasks in wa-
ter resource management, offering the advantage of acquiring topological precipitation
information from remote sensing data and effectively integrating global climate indices.
However, the application of the proposed model relies on the timely acquisition of various
datasets, particularly global climate indies.
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Appendix A

Table Al. Highly correlated global climate indices selected by the Hampel test.

Hydrographic Prediction Related Index
Y Sta%iorl: Month Number Name Month
Pingshan December 09 PNA January
20 SOI January
09 PNA March
19 AMO June
05 TPR1 August
06 TPR2 August
19 AMO August
06 TPR2 November
January 18 WPWP August
19 AMO August
18 WPWP September
February 18 WPWP March
17 IOWP June
18 WPWP June
18 WPWP July
18 WPWP August
19 AMO August
18 WPWP September
March 16 WHWP August
18 WPWP August
19 AMO August
18 WPWP September
18 WPWP October
April 17 IOWP January
06 TPR2 March
20 SOI March
18 WPWP August
19 AMO August
07 AO October
18 WPWP October
May 05 TPR1 April
06 TPR2 April
08 NAO April
19 AMO May
15 Nifo A October
08 NAO October
02 APV November
06 TPR2 December
21 QBO December
June 11 Nifio 1 + 2 January
12 Nifio 3 February
01 WPSH May
July 15 Nifio A January
11 Nifio 1 + 2 January
19 AMO February
17 IOWP June

09 PNA August
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Table Al. Cont.
Hydrographic Prediction Related Index
’ Sta%io}: Month Number Name Month
August 19 AMO February
02 APV April
12 Nifio 3 April
09 PNA August
03 NHPV September
04 EAT November
September 19 AMO March
21 QBO April
02 APV July
03 NHPV August
08 NAO August
October 16 WHWP April
05 TPR1 September
06 TPR2 September
04 EAT September
November 20 SOI January
13 Nifio 4 July
06 TPR2 October
04 EAT October
Luning December 06 TPR2 November
15 Nifio A June
19 AMO June
January 06 TPR2 December
18 WPWP August
19 AMO August
February 06 TPR2 January
18 WPWP July
07 AO December
March 16 WHWP August
15 Nino A June
18 WPWP August
06 TPR2 February
April 18 WPWP September
06 TPR2 March
18 WPWP October
May 21 QBO July
16 WHWP September
02 APV October
10 AZC October
06 TPR2 April
June 01 WPSH May
11 Nifio 1 +2 January
21 QBO July
July 19 AMO February
12 Nifio 3 May
21 QBO June
09 PNA August
15 Nifio A January
11 Nifio 1 +2 January
August 12 Nifio 3 April
09 PNA August
03 NHPV September
10 AZC November
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Hydrographic Prediction Related Index
Y Sta%io}: Month Number Name Month
September 07 AO February
03 NHPV August
02 APV August
October 10 AZC March
09 PNA April
13 Nifio 4 September
06 TPR2 September
November 16 WHWP March
19 AMO June
06 TPR2 October
08 NAO August
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