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Fig. 1 Overview of the watershed upstream of the

Hengshan (II) Station
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Fig. 2 Hydrometeorological and reservoir status time series, 2021 - 2025
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Fig. 3 A machine learning framework for daily traffic forecasting based on multiscale features and CatBoost
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Tab. 1 Results of the sensitivity analysis for the API

attenuation coefficient k

FWARHK NSE RMSE/(m*-s™") MAE/(m3-s™")
0.7 0.917 70.1 39.0
0.85(Hfi##1H) 0.918 69.5 38.7
0.9 0.918 69.8 38.9
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Tab. 2 Feature system for forecasting average daily traffic
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Tab. 3 Model parameters and hyperparameter settings
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Tab. 4 Bayesian search budget sensitivity results
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Tab. 5 Time-series validation and independent test results for the CatBoost parameter scheme

B WES SHFH NSE 5HFHKGE 5H RMSE/(m*-s™") SHFMAE/(m3-s™")

[ E S5 0.77220.114 0.755+0.103 166.3+133.3 70.1£30.5
it fk 0.797+0.083 0.769+0.128 161.4+134.2 70.1£35.3
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i 7 24 0.918 0.956 69.5 38.7
i fk 0.904 0.935 75.3 41.7
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Fig. 4 Bayesian optimization, time—series cross—validation, and the contribution of flood and dry season features
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Tab. 6 Model performance during the independent
validation period in 2025
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Tab. 7 Results of multiple melting indices for the entire

year and during the flood and dry seasons
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Tab. 8 Comparison with related runoff forecasting studies
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Daily Discharge Forecasting Based on Multiscale Hydrological Features and CatBoost

ZHANG Dawen, GAO Yudan
(Meizhou Hydrology Branch, Guangdong Hydrology Bureau, Meizhou 514000, China)

Abstract: Accurate next-day mean daily discharge forecasts are fundamental to reservoir operation, flood preparedness, water
resources allocation, and ecological management, particularly in regulated basins within monsoon climate regions. However,
operational forecasting in such environments faces persistent challenges, including limited historical records, incomplete
characterization of antecedent hydrological states (e. g., soil moisture and baseflow), and the risk of data leakage inherent in
conventional random cross-validation schemes. To address these limitations, this study proposes a robust forecasting framework based
on the CatBoost gradient boosting algorithm for the Hengshan (IT) Hydrological Station in the Meijiang River Basin. Using daily
hydrometeorological and reservoir data from 2021 to 2025, we constructed a 33-dimensional feature set with clear physical
interpretability, organized into four groups: discharge memory, antecedent rainfall and catchment wetness (including a calibrated
Antecedent Precipitation Index), evaporative demand and seasonality, and aggregated reservoir storage dynamics. A rigorous causality
constraint was enforced by shifting all predictors so that only information available by day t—1 was used to forecast discharge on day t.
Following a 30-day initialization period, 1 795 valid daily samples were retained. Model development employed an expanding-window
five-fold time-series cross-validation approach on data from 2021 - 2024, coupled with Bayesian hyperparameter optimization, while

all 365 observations from 2025 were strictly reserved for independent testing. Comparative analysis against Persistence, Ridge
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Regression, ExtraTrees, and LightGBM benchmarks demonstrated the superiority of the fixed-parameter CatBoost model. On the
independent test set, CatBoost achieved a Nash - Sutcliffe Efficiency (NSE) of 0. 918, a Kling - Gupta Efficiency (KGE) of 0. 956, a
Root Mean Square Error (RMSE) of 69. 5 m?/s, and a Mean Absolute Error (MAE) of 38. 7 m*/s. Notably, its NSE exceeded those of
LightGBM and ExtraTrees by 8. 0% and 3. 0%, respectively (corresponding to absolute NSE gains of 0. 068 and 0. 027), and its RMSE
was 52. 6% lower than that of the persistence benchmark. Feature ablation experiments elucidated the distinct roles of the feature
groups: multiscale discharge-memory features established the predictive baseline, whereas rainfall and wetness variables contributed a
significant NSE gain of 0. 447. Crucially, the inclusion of reservoir-state features did not markedly alter annual NSE but substantially
reduced MAE and Percentage Bias (PBIAS) during the dry season (PBIAS improved to —0. 04%), highlighting their role in correcting
low-flow biases. Bayesian optimization improved the mean cross-validation NSE from 0. 772 + 0. 114 to 0. 797 + 0. 083 and reduced
fold-to-fold variability by 27.2%, yet it lowered the independent test NSE to 0.904, underscoring that optimization targeting
development-period performance does not guarantee enhanced interannual generalization. Further uncertainty quantification via split-
conformal prediction and out-of-fold residual analysis revealed pronounced seasonal heteroscedasticity; the mean 90% prediction
interval width during the flood season was approximately 2. 7 times that of the dry season. Although the model effectively captured the
timing of most hydrograph limbs, its performance deteriorated for the 19 extremely high-flow days (peak NSE = 0. 287), primarily
because daily basin-average rainfall and aggregated storage metrics cannot represent sub-daily rainfall intensity, storm spatial
heterogeneity, or individual reservoir release patterns. In conclusion, the proposed causality-constrained framework offers a
reproducible and operationally feasible solution for next-day rolling forecasts in data-scarce, multi-reservoir basins. Nevertheless, for
extreme flood events, the integration of higher-resolution radar rainfall data, soil moisture observations, and individual reservoir
operation schedules remains essential for reliable risk assessment.

Keywords: daily average discharge forecasting; CatBoost; multiscale features; Bayesian optimization; time-series cross-validation;

Meijiang River
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