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Identification of buried hill faults based on SPA-Vnet network

JIANG Peng, WEN Xiaotao

(Key Laboratory of Earth Exploration and Information Techniques of Ministry of Education,Chengdu 610059, China)

Abstract: Due to the complex factors of reservoir formation and geological structure and the influence of multi-stage tec-
tonic compression movements, traditional attribute extraction methods such as ant body fault extraction are difficult to identify
the distribution characteristics of buried mountain faults accurately. This article proposes a fault identification method for
ancient buried hill reservoirs based on the SPA-Vnet network. Combining the dilated convolution of the pyramid structure with
the attention mechanism increases the Vnet algorithm’s feature response to the target area, improving the network’s ability to
recognize faults. Applying it to the ancient buried hill reservoir in the Lufeng Depression, the data is first processed by edge-
preserving filtering, normalization, etc. to improve the resolution of the data and enhance the characteristics of faults. Finally.
the predicted results will be compared with ant body attributes and traditional Vnet networks. The experimental results show
that the SPA-Vnet network has lower loss, higher accuracy, better fault continuity on the profile, richer details, and higher ac-
curacy during training. Provide a method for identifying faults in ancient buried mountain reservoirs.

Keywords: SPA-Vnet network; attention mechanism; expansion convolution; buried hill; fault identification



