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Fig. 2 Water level variation curves at upstream

measurement point under different flow conditions
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Fig. 4 Isoline of MLP model and true values
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Intelligent Prediction Method for Water Level Field in Culvert Diversion Based on MLP-
AttnRF Fusion Model

LUO Chuyao', AO Xuerw’, LIU Sidi®>, YAN Xiaohui’
(1. CRCC Harbour & Channel Engineering Bureau Group Co., Ltd., Zhuhai 519000, China; 2. Dalian University of Technology, Dalian
116024, China)

Abstract: Simulation of water level fields in culvert diversion projects is a critical task for ensuring operational safety, guiding design
optimization, and supporting dynamic decision-making. These water level fields are strongly influenced by multiple coupled factors,
including variations in flow rate, pipe geometry, and ambient hydraulic conditions, which give rise to highly nonlinear and complex
behaviors. Traditional experimental measurements are limited by instrument layout, labor intensity, and high operational costs, making
it difficult to achieve continuous and high-resolution monitoring across multiple operating scenarios. Although numerical simulations
can replicate detailed water flow processes and provide insights into the spatial-temporal characteristics of water levels, they are
computationally expensive and require significant computing resources, limiting their efficiency and practical applicability in real -time
monitoring or rapid design evaluation. To address these challenges, this study proposed a hybrid machine learning model, named MLP-
AttRF, which integrated a multilayer perceptron (MLP) with attention mechanisms and a random forest (RF) algorithm. This approach
combined the nonlinear fitting capability of deep learning with the robusiness and interpretability of ensemble learning, enabling rapid
and accurate prediction of water level fields in culverts based on flow rate inputs. The attention mechanism was particularly effective in
highlighting the most influential features, improving the interpretability of the model and ensuring high prediction accuracy under
varying operational conditions. A comprehensive dataset derived from numerical simulations covering a wide range of flow scenarios
was used to train, validate, and test the proposed model. The results demonstrate that the MLP-AtinRF model achieves superior
performance across all datasets. The coefficient of determination (R?) consistently exceeds 0.99, and the root mean square error
(RMSE) remains below 0. 08 m, indicating not only high accuracy but also excellent generalization capability. Compared to traditional
experimental or purely numerical approaches, the proposed model substantially reduces computational time and cost while maintaining
predictive reliability. The model can efficiently capture complex spatial and temporal variations of water levels within culvert systems,
including localized fluctuations and non-uniform distributions caused by interacting flow patterns. This work represents the first
application of an integrated machine learning approach for simulating water level fields in culvert diversion engineering. The proposed

MLP-AttnRF framework provides a highly efficient, accurate, and interpretable tool for rapid water level assessment and design
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optimization. By enabling high-precision predictions under multiple flow scenarios, it can significantly enhance operational safety,
support engineering decision-making, and reduce resource consumption. Moreover, the methodology demonstrates the potential for
broader application to other water infrastructure systems subject to complex flow dynamics, offering a promising pathway for data-
driven hydraulic engineering and intelligent water management.

Keywords: culvert diversion; water level field prediction; multi-layer perceptron; attention mechanism; random forest
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