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Abstract: The introduction of artificial intelligence technology into metallogenic prediction can improve the prediction efficiency
and research the hidden information between the exploration data and the results. In this paper, it designs a brand new semi-
supervised neural network structure based on isolation forest with split-selection criterion ( SCiForest) and autoencoder, using
the advantage of semi-supervised learning method that the samples are easy to construct and the outstanding application effect in
anomaly recognition. Based on the geochemical element data of Gangdise area in Tibet, the copper deposits in the study area is
predicted. The prediction results are basically within the known mining area, which shows that the neural network structure in this
paper can be used to predict the metallogenic prospective area.
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Fig.1 Flow chart of metallogenic prediction based on unsupervised learning method
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Fig.8 Schematic diagrams of prediction results superimposed mining area
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Fig.9 Interpolation visualization of prediction results of semi-supervised neural network based on DBSCAN
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