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ABSTRACT: A seismic facies identification model incorporating pretrained few—shot learning
(SFI-PFS) was constructed to address the problems of conventional seismic facies identification
methods, which often rely heavily on large—scale labeled data and tend to exhibit reduced perfor-
mance under few—shot scenarios. The proposed model integrated Momentum Contrast V1 (Moco
VD self-supervised pretraining with a prototype—based network to achieve few—shot SFI. First,
the Moco V1 pretrained model was used to train a feature extractor for seismic data. Both positive
and negative sample pairs were constructed from seismic data and four distinct gray-level co—oc-

currence matrix (GLCM) attributes. A contrastive sell-supervised method was adopted to enable
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the network to acquire discriminative feature extraction capabilities. Subsequently, the pretrained
encoder was used as the feature extractor of the prototype network to construct a few—shot SFI
model with feature extraction prior. Finally, the prototype—based network was fine-tuned on a
small set of labeles seismic data, thereby achieving pixel-level SFI. The experimental evaluations
conducted on the F3 seismic dataset show that the SFI-PFS model achieves mean intersection
over union (MIoU) scores of 72.4% under 5-shot experimental conditions, outperforming main—
stream SFI methods, such as SFM (Base) and Att-Deepl.abV3+, with MIoU improvements of

8.3% and 1.7%, respectively. Furthermore, the proposed method achives higher segmentation ac—

curacy along seismic facies boundaries.
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Fig. 2 Network architecture of the Moco V1 pretrained model-based encoder
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Table 5 MlIoU results of ablation experiments of the SFI-

PFS model on the F3 dataset
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Table 6 MIoU comparison of the SFI-PFS model using

different loss functions
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Fig. 6 Variation curves of loss values of different models

with iteration times
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Table 7 Influences of the SFI-PFS model under different

noise conditions on the F3 dataset
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