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Abstract: Lithology identification is a vital basic work in the field of oil and gas exploration and development. Tight sand-
stone reservoirs suffer from complex rock composition , diverse lithology, and limited lithology identification by conventional
logging. As machine learning is powerful in data analysis, this paper proposed a gradient boosting decision tree (GBDT) al-
gorithm with strong generalization ability to cut down large manpower and material resource consumption in lithology identi-
fication. Taking Chang7 Member of Yanchang Formation in Ordos Basin as the research object, it selects eight logging pa-
rameters including acoustic time difference (AC) , natural gamma ray (GR) , resistivity (RT) , clay content (SH) , natural po-
tential (SP) , effective porosity (POR) , water saturation(S, ) , and density (DEN )through sensitive analysis to build a litholo-
gy identification model based on GBDT algorithm. Actual data were applied to verify and analyze the application effect. The
accuracy of the GBDT algorithm can reach 929%, compared with that of other methods such as naive Bayes, random forest,
support vector machine, and artificial neural network for lithology identification. The high—precision lithology identification
model based on the GBDT algorithm provides a new solution for tight sandstone reservoir evaluation.
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Fig.1 Training program of GBDT algorithm
(Modified according to Reference[ 35])
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Fig.3 Box diagram of different lithologic logging parameters in Well A12 of Chang7
Member of Triassic Yanchang Formation, Ordos Basin
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Tablel Response characteristic values of different lithologic logging parameters in Chang7

Member of Triassic Yanchang Formation, Ordos Basin(25%~75%)
Ak AC/(ps-m™) GR/API RT/(Q-m) SHI/% SP/mV POR/% S /% DEN/(g-cm™)

sl A 248.98~282.30  188.06~258.61 16.80~31.68 100.00 69.70~70.22 0.10 100 2.44~2.59
A 227.19~251.49 87.86~123.43  21.35~23.95 34.09~71.29  62.20~64.2 0.05~3.40 85.47~100 2.52~2.58
RITIED S 227.69~233.45  89.64~121.66  23.01~31.53  39.82~68.43  58.23~63.31 0.10 99.86 2.60~2.63
MHPERIRE  233.95~242.22  122.25~134.11 16.58~22.29 60.80~75.82  27.75~31.56 0.09 99.99 2.64~2.65
ey 224.68~226.69 86.68~100.31 18.10~20.84 20.26~24.79  56.42~59.63  11.11~12.11  52.04~55.49 2.53~2.55
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Formation in Ordos Basin based on GBDT algorithm
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