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A deep learning—based seismic frequency extension method using generalized regression

neural network
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Abstract: To meet the urgent demand for high—resolution seismic data in the exploration of structural-lithological oil and gas reservoirs in
the Subei Basin, and to address the limitations of traditional deconvolution and frequency—domain transformation methods such as
insufficient utilization of well information and poor adaptability to nonlinear characteristics, this study proposed a deep learning—based
intelligent seismic frequency extension method using generalized regression neural network (GRNN). By integrating well-seismic joint
technology, a deep learning framework centered on GRNN was constructed to fully utilize logging data to synthesize high—frequency seismic
labels and realize the intelligent extension of the seismic frequency band. The GRNN network, based on the Parzen window probability
density estimation theory, adopted a four—layer topology consisting of input layer, pattern layer, summation layer, and output layer. It had
advantages including non—parametric modeling, local feature adaptive approximation, and noise robustness, which effectively solved
problems such as non—stationarity of seismic signals and high—dimensional noise interference. In the YA high—density 3D survey area of
the Subei exploration area, high—frequency seismic traces were synthesized from well data to train the network for frequency extension
processing. The results showed that the effective frequency range was extended from 7-43 Hz to 6-56 Hz. The thin sand body boundaries
were delineated more clearly, and the well-seismic matching was good, with a correlation of synthetic records of 82%. Additionally, this

study explored the effects of different training set sizes and different selection methods of training traces on the prediction results. It was
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found that selecting seismic traces that could control the entire seismic profile as training data yielded better frequency extension results.

The deep learning—based frequency extension method has been applied to multiple blocks in the Subei Basin, yielding favorable results that

verified its effectiveness and applicability. The research findings provide high-resolution data support for the fine characterization of

complex lithological oil and gas reservoirs and promote the intelligent development of seismic frequency extension technology.

Keywords: Subei Basin; generalized regression neural network; deep learning; frequency extension; logging information
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