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Abstract: Based on the logging knowledge graph of hydrocarbon-bearing formation (HBF), a Knowledge-Powered Neural Network
Formation Evaluation model (KPNFE) has been proposed. It has the following functions: (1) extracting characteristic parameters
describing HBF in multiple dimensions and multiple scales; (2) showing the characteristic parameter-related entities, relationships, and
attributes as vectors via graph embedding technique; (3) intelligently identifying HBF; (4) seamlessly integrating expertise into the
intelligent computing to establish the appraising system and ranking algorithm for potential reservoir recommendation. Taking 547 wells
encountered the lower porosity and lower permeability Chang 6 Member in Jiyuan Block of Ordos Basin as objects, 80% of the wells
were randomly selected as the training dataset and the remainder as the validation dataset. The KPNFE prediction results on the
validation dataset had a coincidence rate of 94.43% with the expert interpretations and a coincidence rate of 84.38% for all the tested
layers, which is 13 percentage points higher in accuracy and over 100 times faster than the primary conventional interpretation. In
addition, a number of potential reservoirs likely to produce industrial oil were recommended. The KPNFE model effectively inherits,
carries forward and improves the expert knowledge, nicely solving the robustness problem in HBF identification. The KPNFE, with good
interpretability and high accuracy of computation results, is a powerful technical means for efficient and high-quality well logging
re-evaluation of old wells in mature oilfields.
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identification; neural network
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