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Abstract ; Aiming at the problem of low efficiency and low accuracy of formation recognition, a new method of stratigraphic identification
based on improved convolutional neural network is proposed. This method is based on the Ghost module and dilated convolution to build
a bi—directional cascade GhostNet, which can effectively reduce network parameters and the amount of calculation. At the same time, the
model has multi—scale feature extraction capabilities and uses a two—way loss function to supervise the learning process. The shallow
layer focuses on the image local information to the deep layer to extract semantic information,and the output of all layers is fused, which
can effectively improve the accuracy of stratigraphic identification. Firstly,the log curves are combined and optimized according to the re-
gional characteristics,and the preprocessing operations such as stratification, Walsh filtering and linear interpolation are performed on
them. Then the log curve shape is mapped into a binary image, the sample data set is constructed, and the improved network can be used
for stratigraphic identification. The experiment shows that compared with similar algorithms, the accuracy of the proposed algorithm is
improved by about six percentage points,and the amount of parameters is significantly reduced. It shows that the proposed method has
great potential in the identification of complex stratigraphic.
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