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[ Abstract |

various fields, providing new insights for lithology identification. Starting from three methods: support vector machines, neural

In recent years, artificial intelligence has demonstrated strong pattern recognition and classification capabilities across

networks, and ensemble learning, the basic principles, advantages and disadvantages of these machine learning algorithms were
reviewed, as well as their research progress and application in the field of uranium ore bed lithology identification. The results show
that machine learning can effectively identify the correlation between logging data and different lithologies through model training,

transforming the process of lithology identification into a machine learning process. This can greatly improve the automation level and

accuracy of lithology identification, holding significant practical importance and a broad development prospect.
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