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Abstract

With the deepening of shale gas exploration and development, the brittleness evaluation of shale
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gas reservoirs is becoming more and more important. The brittleness index evaluation directly af-
fects the efficiency and safety of horizontal well drilling. Reliable shale brittleness prediction meth-
ods are of great significance to improve the efficiency of shale gas development. In this study, the
shale of the Longmaxi Formation in the 201 well area of western Chongqing is taken as an example.
Firstly, pre-stack seismic inversion is performed based on the Zoeppritz equation to obtain the P-
wave, S-wave velocity and density to obtain the required elastic parameter seismic inversion body.
Using the experimental data of rock elastic parameters, array acoustic logging data and whole rock
X-ray diffraction experimental data, continuous mineral brittleness index data and corresponding
rock elastic parameter data are obtained after correction and interpretation as the sample set of
machine learning algorithm. Train efficient and accurate learning methods and GBDT gradient de-
cision tree prediction models; the pre-stack seismic inversion of rock elastic parameters and GBDT
gradient decision tree learning algorithm are used to realize the intelligent prediction of shale res-
ervoir brittleness in the study area.
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Figure 1. Flow chart of GBDT algorithm
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Figure 2. This paper studies the flow chart
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