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Abstract

With the exacerbation of global climate change and the rapid advancement of urbanization, urban
waterlogging has become a major bottleneck restricting the sustainable development of central urban
areas in China. Although traditional physics-based hydrological models (e.g., SWMM) possess signifi-
cant advantages in mechanistic representation, they frequently face practical challenges in real-time
early warning scenarios, such as low computational efficiency, difficulties in parameter acquisition,
and high model maintenance costs. To address these limitations, this study proposes a heterogeneous
predictive modeling framework integrating mechanism-heuristic temporal feature engineering. The
core innovation of this framework lies in translating physical hydrological cycle mechanisms into a
quantifiable temporal feature space. Specifically, this includes: utilizing the Twenty-Four Solar Terms
to capture the seasonal rainfall background driven by the Earth’s revolution; employing trigono-
metric transformations to map intra-day drainage cycles; and constructing long- and short-term
historical memory via data leakage-free shift-rolling statistics and multi-step lags. Taking a typical
piedmont riverine city as the case study, multi-model validation was conducted at key water level
stations within the central urban area. The experiments compared a diverse library of heterogeneous
models, including ensemble learning algorithms (LightGBM, Random Forest), Support Vector Ma-
chines (SVM), and deep time-series networks (LSTM, CNN-LSTM, Transformer). The results indicate
that the LightGBM model, enhanced by mechanism-heuristic feature engineering, achieved a Nash-
Sutcliffe Efficiency (NSE) coefficient of 0.9887 on the test set. Its prediction accuracy and real-time
computational efficiency significantly outperformed traditional physics-based models. This study
confirms that incorporating temporal features embedded with physical principles can significantly
enhance the generalization capability and robustness of data-driven models, providing highly effi-
cient technical support for dynamic risk assessment and scientific waterlogging mitigation decisions
in smart drainage systems.
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Figure 1. Framework diagram of technical process
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Table 2. Comparison of training and evaluation results for water level prediction models
2. IKGLFMAE RN SRR 45 R AT LE

7 4 TRAIN_NSE TRAIN_RMSE TRAIN_MAE
CNNLSTM 0.9829 0.08096 0.0327
LSTM 0.9940 0.0482 0.0109
LightGBM 0.9974 0.0314 0.0063
RandomForest 0.9962 0.0381 0.0054
SVM 0.9847 0.0769 0.0676
Transformer 0.9917 0.0566 0.0241

Table 3. Comparison of testing and evaluation results for water level prediction models

= 3. AR FUMAR BRI 45 R 2Tt

(it TEST_NSE TEST_RMSE TEST_MAE
CNNLSTM 0.9514 0.1367 0.0443
LSTM 0.9542 0.1327 0.0383
LightGBM 0.9887 0.0659 0.0285
RandomForest 0.9787 0.0906 0.0211
SVM 0.8910 0.2048 0.1842
Transformer 0.9506 0.1380 0.0465

Table 4. Key parameters of water level prediction model
2 4. IRGITAIRBL SRS H

A4 RS S 4
CNN-LSTM cnn_channels:32, kernel_size:4, Istm_hidden:64, cnn_dropout:0.2, Istm_dropout:0.2,

learning_rate:0.001, optimizer:Adam, weight_decay:0.05

Istm_hidden_size:64, Istm_num_layers:1, Istm_dropout:0.4, learning_rate:0.001,
optimizer:AdamW, weight_decay:0.1

LSTM
LightGBM n_estimators:250, learning_rate:0.02, num_leaves:64, max_depth:6, reg_alpha:0.1
RandomForest  n_estimators:500, max_depth:6, min_samples_split:8, min_samples_leaf:8, max_features:sqrt
SVM C:1, kernel:rbf, gamma:scale

trans_dim_model:32, trans_num_heads:4, trans_num_layers:1, dropout:0.5, learning_rate:5e—05,

Transformer optimizer:AdamW, weight_decay:0.3
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Figure 2. Fitted curve plot and scatter plot
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Feature Contribution Analysis: LightGBM
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Figure 3. Ranking of feature importance in LightGBM
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Model Interpretability: SHAP Feature Contribution
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Figure 4. Beeswarm plot of SHAP values for LightGBM
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