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Progress and development direction of PetroChina intelligent seismic
processing and interpretation technology
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( 1 PetroChina Exploration & Production Company, 2 PetroChina Research Institute of Petroleum Exploration & Development-

Northwest, 3 PetroChina Hangzhou Research Institute of Geology )

Abstract: During the 13™ Five-Year Plan period, PetroChina has kept up with the development trend of advanced artificial intelligence
and major needs in the field of geophysical prospecting, planned in advance and actively deployed researches, which highly promotes the
development of intelligent geophysical technology. Till now, two major technology series of intelligent seismic processing and interpretation
have been developed, and intelligent seismic software platform and label data set software been released. Meanwhile, PetroChina has led an
innovative “6+1” intelligent “industry-university-research institute” alliance for geophysical exploration consisting of Peking University, etc.,
which effectively promotes the innovation of PetroChina intelligent geophysical technology and achieves the synchronous development with
the international intelligent geophysical technology. During the 14™ Five-Year Plan period, PetroChina will focus on the strategy of “digital

transformation and intelligent development” and clarify the development plan and direction of “123456”, so as to conform to the global
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energy transformation and intelligent development trend. Based on module replacement, PetroChina will actively explore process regeneration

and promote the innovative development and application of intelligent seismic processing and interpretation technology. In labor-intensive

scenarios, intelligent module replacement will be implemented to improve efficiency of seismic processing and interpretation, support industrial

production to improve efficiency and reduce costs. Meanwhile, in technology-intensive scenarios, intelligent process will be regenerated to

improve accuracy of seismic processing and interpretation, forming a world-class series of intelligent seismic processing and interpretation

technologies, and realizing the self-reliance of intelligent geophysical exploration technology, which supports to comprehensively promote the

intelligent development of geophysical business of PetroChina, ultimately achieves the intelligent petroleum exploration, and provides real-

time guidance for horizontal well drilling.
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