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Abstract ; In the study area, thin interbeds of sparite and mudstone are mainly developed in the lower submember of Member 3 and upper sub-
member of Member 4 of Shahejie Formation in the Niuzhuang subsag. which are effective enrichment areas and stable production channels for
shale oil. However, the insufficient resolution of conventional series of logging leads to great difficult in identifying thin interbeds. To address
this issue, a hybrid model of extreme learning machine with particle swarm optimization is used to improve the accuracy of identification for
thin interbeds. A PSO-ELM-based identification model for thin interbeds is constructed by selecting 8 conventional logging parameters and 3
high-resolution logging curves that reflect the “three qualities” of reservoirs as physical constraints. The results show that compared with the
common machine learning models such as ELM, SVM, and BP, the proposed PSO-ELM machine learning model is more stable, of which the
identification accuracy of thin interbeds is improved by 10% to 30% , and can more precisely describe the thin interbeds with a thickness of
about 0.3 m, providing technical support for further shale oil exploration and development.
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Fig.1 Comparison of mineral compositions and NMR characteristics between thin interbedded intervals and massive mudstone cores
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Fig.2 Comparison before and after high-resolution processing
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Fig.3 Results of identification for thin interbeds by conventional crossplots
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