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Fig. 1 Framework of the ensemble learning prediction model for drilling efficiency
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Research on a borehole drilling efficiency prediction model based on bacterial foraging
optimization stacking ensemble learning

GUAN Tao', JIAO Chungi', YU Peng', YU Jia', GUO Zhenbang', CHEN Zhengfei’

(1. State Key Laboratory of Hydraulic Engineering Intelligent Construction and Operation , Tianjin University, Tianjin 300072, China;
2. China Renewable Energy Engineering Institute, Beijing 100120, China)

Abstract: Borehole drilling efficiency is a key paramelter in construction progress simulation of rock-fill dam quarry
excavation, and its prediction accuracy directly affects the reliability of the simulation model. To address the issue of
low prediction accuracy efficiency in existing mathematical methods, the difficulty of single learners meeting simula-
tion accuracy requirements, and insufficient local search refinement in hyperparameter tuning within ensemble learn-
ing research, this paper proposes a borehole drilling efficiency prediction model based on Bacterial Foraging Optimi-
zation for Stacking ensemble learning. First, a dataset was constructed using on-site drilling efficiency data from a
rock-fill dam as the target variable and its influencing factors (e.g., borehole depth, rock properties, altitude) as fea-
ture variables. Second, three heterogeneous base learners (XGBoost, LightGBM, and MLP) were trained in paral-
lel, and the Bacterial Foraging Optimization algorithm—simulating chemotaxis and reproduction—was introduced to
iteratively optimize each base learner’s hyperparameters by tracking the R? curve in real time, ensuring stable “meta-
features” output. Finally, the base learners’ predictions were input to a Support Vector Regression (SVR) meta-
learner; by integrating complementary information from multiple models, the ensemble prediction was obtained while
suppressing bias and variance. Experimental results show that after Bacterial Foraging Optimization, each base
learner’ s R? can exceed 0.93 and PCC are all above 0.97; the ensemble model’ s learning curve over the full sample
set is smooth and stable, residual analysis indicates residuals are evenly distributed around the zero-mean line, and
the final PCC approaches 0.98, meeting the requirements of construction process simulation.

Keywords: borehole drilling efficiency; construction simulation; Stacking ensemble learning; XGBoost; Light-
GBM; MLP; support vector machine
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A comparative study on numerical simulation and prototype observation of thermal
effluents from a nuclear power plant

CHEN Xiaoli, ZHANG Dongyang, YUAN Jue, DUAN Yafei
(China Institute of Water Resources and Hydropower Research , Beijing 100038, China)

Abstract: Prototype observation of thermal discharge from operating power plants is the primary means adopted in
China for verifying the accuracy of thermal-discharge numerical models. However, the temperature fields obtained
from such prototype observations incorporate complex background water temperatures, while the models usually
assume a uniform background temperature. Since the impact of baseline values on verification accuracy is unclear,
there is an urgent need to carry out relevant research. This paper takes a certain nuclear power plant site as an
example. The water temperature variation processes in the project sea area through a real-time surface heat flux simu-
lation approach based on spatial and temporal varied metrological and hydrological conditions. The numerical model
is then validated using diverse in-situ observation data sources, including satellite remote sensing, airborne remote
sensing, and surface water measurements. The calculated temperature results are in good agreement with the measure-
ments. Then the impact of the background water temperature value on the extraction of the temperature rise field is
analyzed, as well as the sensitivity of numerical simulation results to the values of the diffusion coefficient, heat dissi-
pation coefficient, and wind field. The results show the background temperature distribution has obvious effect on the
observed temperature rise determination. Using a uniform background value will result in an opposite seasonal trend
in the temperature rise field—overestimation in summer and underestimation in winter. The marine wind field has the
greatest impact on the pattern and covered area of the temperature rise field. The diffusion coefficient and heat dissipa-
tion coefficient show different in their sensitivity to the calculated temperature rise result, as the diffusion coefficient
has a greater impact on the 4 °C temperature rise zone, while the heat dissipation coefficient has a greater impact on
the 1 C temperature rise zone. This study provides an important reference for enhancing the accuracy of thermal dis-
charge modeling and promoting thermal discharge impact assessment.

Keywords: thermal discharge; background water temperature; prototype observation; numerical simulation; wind

field
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