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Abstract: Accurate prediction of sediment concentration dynamics is critical for effective reservoir flood regulation, sediment
management, and ecological conservation in sediment-rich river basins such as the Yellow River. Reliable sediment concentration

forecasting is essential to mitigate adverse impacts of reservoir sedimentation, optimize flood control operations, safeguard
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infrastructure safety, and support water quality management. This study investigates sediment concentration dynamics at
Tongguan Hydrological Station in the middle and lower Yellow River, a key monitoring site at the confluence of the mainstream
with the Weihe and Beiluohe Rivers, immediately upstream of the Sanmenxia Reservoir, thus strongly influencing downstream
sedimentation and flood management. To address the dynamic and complex flow-sediment regimes of the Yellow River, this study
develops a Parallel Spatio-Temporal Attention Long Short-Term Memory (PSTA-LSTM) model specifically for sediment
concentration forecasting. The PSTA-LSTM integrates a parallel spatio-temporal attention mechanism enabling simultaneous
capture of multiscale temporal dependencies and spatial correlations across monitoring sites, markedly enhancing simulation of
sediment transport processes. An adaptive segmented rectified linear unit (SReLU) is embedded in hidden layers to strengthen
nonlinear feature learning and improve representation of rapid sediment concentration fluctuations, especially during high-
magnitude sediment peak events, effectively accommodating extreme sediment load variability driven by heterogeneous flow,
tributary inputs, and local erosion-deposition dynamics. Model validation used observed hydrological and sediment datasets from
2000 to 2024. Results show that compared with conventional serial LSTM, the parallel spatio-temporal attention mechanism
reduces overall Root Mean Square Error (RMSE) by approximately 25.6% and increases Peak Sediment Prediction Accuracy (PRE)
by approximately 12.7%. Incorporation of SReLU significantly boosts peak prediction, with Nash-Sutcliffe Efficiency (NSE)
improved by over 9%, verifying effectiveness in resolving extreme sediment values. Tongguan Station serves as a critical sedi ment
control section for the Sanmenxia Reservoir and plays a pivotal role in reservoir regulation and downstream transport. Upstre am
water and sediment mainly derive from the Yellow River above Longmen Station, the Weihe at Huaxian Station, and the Beiluohe
at Zhuangtou Station. Mainstream floods show rapid rise-fall dynamics and high sediment concentrations; Weihe floods have
longer duration and flattened peaks; Beiluohe floods feature sharp narrow peaks, high sediment concentrations, and fast-
propagating sediment waves. Confluence and superposition of multi-source floods at Tongguan modulate transport intensity and
define temporal variability of sediment concentration. Experiments used 2000-2024 data classified into five flow-sediment
regimes: high-flow/high-sediment, medium-flow/medium-sediment, low-flow/low-sediment, high-flow/low-sediment, and low-
flow/high-sediment. The model was trained and validated under each regime and compared between flood and non-flood seasons
to assess adaptability. Results confirm the attention mechanism improves performance with RMSE reduced by 25.6% and PRE
increased by 12.7%. SReLU increases NSE by 6—11% relative to traditional ReLU and softplus, showing superior capability in
capturing extreme peaks. Regime-specific training further elevates accuracy, reducing RMSE by approximately 15.7% and
achieving NSE over 80%. Inter-seasonal comparisons reveal stronger responsiveness during flood seasons, especially under
pronounced peaks and rapid fluctuations. These findings validate the model’s adaptability to highly dynamic and complex
sediment environments and highlight its potential for real-time sediment concentration forecasting in large high-sediment rivers
such as the Yellow River.
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Fig.2 Data classification of water and sediment
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Tab.2 Table of RMSE for different combinations of hidden layer units and network training epochs

— AR ik

BT 8 16 32 4 128 256
50 91.73 82.41 68.56 54.28 59.47 66.23
100 74.12 63.38 48.67 41.29 44.78 52.65
150 75.04 64.85 50.01 4211 46.37 54.93
200 76.82 66.94 51.34 43.26 48.16 57.42
250 78.69 69.37 53.02 44.73 50.24 60.15

6 RMSE Fifi B3 & J2 510 80M W 4 ik R BB fhon B B

Fig.6 RMSE variation with hidden layer units and training epochs
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Tab.3 Table of RMSE for combinations of spatial and temporal attention dimensions

e T 10 2% 8 0
e L 8 16 32 64 128 256
8 98.0 92.5 85.3 82.0 81.5 83.0
16 91.7 82.4 68.6 65.2 64.8 66.0
32 74.1 63.4 58.5 57.3 56.9 58.2
64 75.0 64.9 46.8 48.0 47.5 49.0
128 76.8 66.9 49.0 49.5 48.8 50.5
256 78.7 69.4 51.5 52.0 51.8 53.2
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Tab.4 Optimal hyperparameters setting
T B EES BEESE MAFSIKE SRR FWEE MEE %%

FAKREWHE 3 128 18 200 128 64 le-3
FE KA R 2 96 12 150 96 128 le-3
K b 2 2 64 10 120 96 64 le-3
kiK1 2% 3 128 6 150 128 64 le-3
i KA V0 2 1 32 6 100 64 64 le-3
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SRR, BZEE ANLEIN, B HME LU A R YD R B AR A AR, e R R, SRR BN “g
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o 24 R B TR 25 0 A5 S AT L, T B TR R TR AR AT 45 R R R A B S i ALJE I D R A, Rk
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SFEIH AT LLAE H, FBIGHRAMMNEEFETHEER.
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Fig.7 Comparison of predictions among different model structures
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Tab.5 Evaluation metrics for different model architectures
7 ES! R
MAE RMSE  NSE PRE R? MAE RMSE NSE PRE R?
LSTM 13.556 19.894  0.725 0.376  0.794 15.583  24.642  0.689 0.403 0.771
SA-LSTM 12.051 19.045  0.750 0.344  0.823 14.035 23.046 0.738 0.367 0.796
TA-LSTM 11.652 18.799  0.794 0.312  0.855 13.838 22.761 0.773 0.329 0.838
SSTA-LSTM 11.349 18.424  0.839 0.261  0.896 12.803  20.153  0.811 0.283  0.867
PSTA-LSTM 9.173 13.216  0.892 0.228 0.914 10.385  14.975  0.865 0.247  0.891
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Fig.8 Prediction results with different activation functions Fig.9 Evaluation metrics for different activation functions
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Fig.10 Comparisons of calculation results of different classification methods
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Tab.6 Evaluation of prediction results

o 200 400 HiX) KO0 1000 1200 65

S

S RMSE MAE PRE NSE R?
$§K$%‘ (2024 20.15 12.80 0.332 0.812 0.828
2?@#5%" (2021 1856 11.94 0314 0.836 0.836
;;K'T’/’J (2023 18.01 11.23 0.294 0.842 0.838
g?‘i‘”’" (2005 16.42 10.75 0.301 0.859 0.854
;iik*ﬁﬂ (2017 15.13 9.87 0.286 0.871 0.866
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A, KA B oKy 2 K E VD, RMSE. MAEZ#i 48 K, NSEFIRXG AT T, HAL [ 15000 4% FE
Bl K Vb 25 A I = MR (8 i R B, H SR OK SRV 6 AF N MINSERIR2ES0% LA |, XK W], PSTA-LSTMX}
YR AR B K YD S B A B U L T L K YD Sl BN A LR S BE TR R T 4 22 A R K.
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Fig.11 Prediction results of different water and sediment types in different years
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Fig.12 Comparison of flood season and non-flood season forecasts
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