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Abstract: Mineral exploration is not only a critical component of new quality productive forces but also a driving
force for their development.To address the challenges of sample imbalance caused by the limited number of known
mineralization samples and the scarcity of mineralization information in gold mineralization prediction during mineral
exploration, this study proposes the SMOTified —BRF model. This model applies the SMOTE method to augment the
extremely limited known mineralization samples and employs the balanced random forest ( BRF) method for prediction.
Using the Hanbin—Xunyang area as the study area, geochemical data from stream sediments were analyzed using the
SMOTified-BRF and BRF models and compared the gold mineralization prediction outcome and model performance.
The results show that the SMOTified—BRF model achieves a higher AUC value (0.987 5) compared to the BRF model
(0.972 6) .Additionally, at the optimal threshold indicated by the Youden index, the predicted mineralized area ratio of
the SMOTified=BRF model (1.95 %) is significantly smaller than that of the BRF model (12.23 %), demonstrating
that the SMOTified — BRF model offers more accurate and efficient performance in predicting gold mineralization
anomalies.
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Xunyang area
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Application of artificial intelligence in predictive maintenance of mining equipment

Li Tao, Sun Yan, Hou Jianshuo, Zhou Bin
( Wanbao Mining Co., Lid.)

Abstract: Predictive maintenance ( PdM) leverages data and analytics to anticipate potential failures of system
components, enabling preemptive maintenance measures to prevent damage. This approach aims to address predictive
challenges in mining equipment maintenance, enhancing equipment reliability and production efficiency.The research
process encompasses stages such as data collection, preprocessing, model training, and prediction, as well as decision
support and execution.Challenges in implementing PAM with artificial intelligence are analyzed from 3 perspectives:
data sources, model transparency and interpretability, and system integration.The findings indicate that Al-based PdM
significantly reduces equipment downtime, improves maintenance efficiency, and lowers operating costs. Additionally,
the study outlines the application prospects of technologies such as machine learning, IoT, cloud computing, and digital
twins in PdM, offering directions for future research.
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