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Abstract

The total organic carbon (TOC) content of source rocks is one of the important parameters for uncon-
ventional oil and gas reservoirs. Accurate evaluation of the TOC content is of great significance for the
exploration and development of unconventional oil and gas reservoirs. This study investigates two
types of TOC evaluation methods. For physical-model-based methods, it includes the ALogR method,
the variable baseline method, and the double difference method (DDALogR). Compared with the
ALogR method, the variable baseline method improves baseline determination and enhances model
accuracy; the double-difference method (DDALogR) further considers rock mineral composition
changes and pore expansion, outperforming the other two physical-model-based methods. Regarding
machine-learning-based methods, a comparison of BP neural network, LSTM neural network, and
their hybrid versions integrated with physical models shows that the LSTM neural network combined
with physical models yields the most accurate TOC evaluation. The comprehensive evaluation frame-
work established here offers an innovative solution for predicting source-rock organic matter content
in the complex geological environment of the northwestern Ordos Basin, potentially improving re-
source assessment efficiency and accuracy in similar settings.
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Figure 1. Technical route
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Figure 2. Well logging response in the study area
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Figure 3. ALogR model results
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Figure 4. TOC prediction results of variable baseline model
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Figure 5. Acoustic volume model
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Figure 6. DDALogR model results
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Figure 8. Prediction of TOC results by BP neural network
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Figure 9. Prediction of TOC results by LSTM neural network
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Figure 11. Comparison of TOC in neural network evaluation
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