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Abstract: Fractures are important seepage channels in tight carbonate reservoir which affect reservoir development. Fracture
prediction is difficult due to the weak and complex geophysical response of fractures. Based on the deep mining of fracture
characteristic information in seismic attributes, in this paper it establishes an artificial intelligence-based fracture distribution
prediction method. This method uses the support vector machine algorithm to optimize the fracture sensitive attributes, and uses the

gradient boosting decision tree (GBDT) algorithm to deeply explore the nonlinear relationship between the fracture development of a
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single well and the seismic attributes. Gradient boosting decision tree algorithm has strong robustness to outliers, and can better
solve the problem of weak and complex fracture seismic response. This method has been applied to a tight carbonate
reservoir in the Oligocene to Neogene Asmari Formation of an oilfield in Zagros Basin, Middle East. Five fracture sensitive
seismic attributes including variance, curvature, dip deviation, dip angle and azimuth angle were optimized. The gradient
boosting decision tree was used to integrate the fracture characteristics of different seismic attributes, and the fracture
distribution prediction model was established to predict the fracture distribution of carbonate reservoir in the study area.
Compared with conventional fracture prediction methods, the results of this method are more consistent with fracture

interpretation of single well. The prediction results show that the fractures both in the northern part of the study area and

near the structural heights are more developed, which is consistent with the understanding of production dynamics.

Key words: fracture prediction; seismic attributes; tight carbonate reservoir; artificial intelligence; Zagros Basin.
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Fig. 1 Location of the study area (modified from Liu ez al., 2019)
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