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Abstract: With the continuous advancement in lacustrine shale oil exploration and development in China, traditional
reservoir evaluation methods are facing a series of challenges in microscale characterization. In this study, we analyze the
advantages and limitations of existing reservoir evaluation techniques and methods. Accordingly, a more intelligent,
comprehensive shale reservoir evaluation method that integrates multidimensional data is proposed. Based on the Adaptive
Pyramid Context Network (APCNet) for semantic segmentation, combined with the previously independently developed
shale pore-fracture segmentation network (ShaleSeger) , this method enables intelligent segmentation of minerals and pore
structures within reservoirs. By further integrating image processing techniques with mathematical statistics, the method
allows for both the quantitative calculation of the shale brittleness index and the fine-scale characterization of pore
structures. The analytical results indicate that this proposed method serves to provide more specific, comprehensive, and
quantitative analytical data for shale oil and gas exploration and development, as well as sweet spot identification. These
analytical data in turn facilitate the quantitative evaluation of resource potential in shale hydrocarbon reservoirs and assist in
the comprehensive assessment of relevant technical difficulties and economic benefits. The systematic solution established
based on the proposed method offers a reliable basis for intelligent decision-making in the efficient exploration of lacustrine
shale oil and gas. Additionally, this study presents a thorough analysis of challenges associated with current intelligent

analysis techniques for lacustrine shale reservoirs and points out focus for future research.
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Table 1 Contents and label values of minerals of main minerals in the training set
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Fig.5 Comparison of qualitative experimental results of four samples in the Songliao Basin
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Table 2 Comparison of various models
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Table 3 Segmentation results of minerals after type merging
FEHY TR 5 L% MR
IoU Fscore Precision Recall
GBS 1.09 52. 14 68. 54 67.24 69. 90
Fap 26. 45 35.03 51.88 76.79 39.18
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IR 32.23 59.17 74.35 64.31 88. 10
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TRERER ) 0.04 0 0 0 0
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Fig. 6 Application of ShaleSeger in the model proposed
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in this study
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Fig. 7 Mineral composition analysis results of three shale samples from Songliao Basin
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Table 4 Intelligent analysis results of pores and fractures within a representative shale sample
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