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Fig. 1 Shallow water area of the waterway during low tide
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Fig. 4 Basic process of the attention mechanism-based
LSTM model
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Research on Multi-factor Coastal Waterway Depth Prediction and Application Based on
Attention-enhanced LSTM Model
LING Ganzhanl’z, HAN Yul, XIE Weiweil’z*, TANG Ruikail’z, HU Jiakai', LIANG Guangyuel, CAO Lu',
LIANG Ming', LIU Xiang'

(1.Guangxi Road and Bridge Engineering Group Co., Ltd., Nanning 530200, China;
2.School of Civil Engineering and Architecture, Guangxi University, Nanning 530004, China)
Abstract:

Objective Accurate prediction of water depth in coastal waterways is essential for ensuring the safety and efficiency of construction and transpor-
tation activities, particularly in environments characterized by complex and dynamic hydrological conditions. The Pinglu Canal, an inland water-
way affected by tidal influences, serves as an example where traditional prediction models fail to accurately forecast water depth under complex
hydrological conditions. This study presents a water depth prediction model based on an attention-enhanced long short-term memory (LSTM) net-
work, which is integrated into a decision-support platform for real-time channel transportation management.

Methods First, key hydrological factors, including upstream discharge, daily rainfall, tidal current velocity, and tidal level, were incorporated to
construct the LSTM-based coastal waterway depth prediction model. The raw hydrological data were preprocessed to address issues such as miss-
ing values, noise, and irregular time intervals, ensuring suitability for time-series modeling. Then, the LSTM model was utilized to capture the
long-term temporal dependencies within the data, allowing the model to account for complex interactions among various hydrological variables
over time. An attention mechanism was introduced to optimize the model's performance. This mechanism improved the model architecture by en-
abling it to dynamically adjust the weight of each feature at every time step, prioritizing the most relevant factors based on the current data. The
attention mechanism enhanced both the accuracy and stability of the model, particularly for ultra-long-term water depth forecasting under dy-
namic and complex coastal hydrological conditions. Finally, the optimized model was embedded into a transportation decision-support platform,
allowing for real-time water depth prediction, dynamic correction of forecasts based on new data, and navigable time window evaluation. The

model’s effectiveness was validated through comparative analyses with existing prediction models and field measurements, demonstrating supe-
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rior accuracy and reliability in predicting waterway depth.

Results and Discussions The results demonstrated that at two monitoring points, 5 km from the coast (Point 1) and 30 km inland (Point 2), the
traditional LSTM model exhibited larger prediction errors, especially in long-term forecasts. The MAE ranged from 0.07 m to 1.08 m for short-
term predictions and from 0.12 m to 1.74 m for long-term forecasts. The model also tended to overestimate water depth. In contrast, the attention
mechanism-based LSTM model consistently kept the MAE below 0.15 m, even under sudden rainfall or upstream discharge events, showing en-
hanced accuracy in both short-term fluctuations and long-term trends. The model’s performance across seasonal variations further highlighted its
robustness. During the dry season, the MAE was reduced by 64.68%, and during the wet season, it decreased by 72.36%. The RMSE was also re-
duced by 67.51% and 73.39% in the respective seasons, while the R? coefficient improved by 2.18% and 5.60%. This demonstrated the model’s
adaptability to both stable and volatile water conditions. The attention mechanism-based LSTM model significantly outperformed traditional
LSTM models in predicting waterway depth. Compared to the traditional model, the MAE of was reduced by 65.00%~~ 72.00%, and the R? coef-
ficient increased by 2.20% ™~ 5.60%, demonstrating superior predictive accuracy and stability. This improvement was particularly evident under
complex hydrological conditions, where the model effectively captured non-linear and dynamic relationships among key features such as tidal
flow speed, daily rainfall, and tidal water level. In addition, when compared to a single feature vector model, the three-feature vector combination
(daily rainfall, tidal flow speed, and tidal water level) resulted in an MAE of no more than 0.15 m and an R? coefficient of no less than 0.99, sub-
stantially improving the model’s accuracy and stability for predicting waterway depth under complex coastal hydrological conditions. Finally,
when integrated into the waterway transportation decision-support platform, the model’s capabilities, such as real-time water depth prediction, dy-
namic correction, and navigable time window evaluation, substantially enhanced the platform’s effectiveness. This integrated system provided re-
liable and accurate information for waterway transportation management, contributing to safer and more efficient navigation in complex coastal
environments.

Conclusions This study presents an attention mechanism-based LSTM model for predicting waterway depth in complex coastal environments.
The proposed model substantially improves prediction accuracy and stability, especially under dynamic hydrological conditions. The model effec-
tively adapts to diverse waterway conditions by incorporating key hydrological features, ensuring higher precision in depth forecasting. When
implemented within a waterway transportation decision-support platform, the model enables real-time prediction, dynamic correction, and navi-
gable time window assessment, enhancing the intelligence and digital management of waterway transportation systems. This research provides re-
liable technical support for future engineering applications.

Key words: Pinglu Canal; waterway construction and transportation; waterway depth prediction; attention mechanism; LSTM model; waterway

transportation decision support platform
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