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Abstract; The lithology of rock cores serves as a crucial indicator reflecting geological conditions. Traditionally, lithological
identification relies heavily on manual visual inspection, which is both time—consuming and requires a high level of expertise. In
recent years, the rapid development of CNNs ( Convolutional Neural Networks) has provided an innovative approach for automated
prediction of rock core images. This paper proposes an improved ResNet50 network — based algorithm for rock core image
classification. By incorporating ECA ( Efficient Channel Attention) and a specifically designed PSA ( Pyramid Scene Attention )
mechanism, the algorithm enhances the network’s ability to extract and comprehend the rich geological information present in rock
core images, thereby playing a pivotal role in improving the accuracy and objectivity of lithological classification. Furthermore, the
introduction of DCNv2 ( Deformable Convolution Networks version 2) enables the model to automatically adapt to irregularities and
shape variations in image features, significantly enhancing its recognition capabilities for the complexity of rock core structures.
Additionally, utilizing transfer learning methods improves the model’s generalization ability and training efficiency. Experimental
results demonstrate that the modified ResNet50 network model excels in the task of rock core image classification, achieving a
notable increase in average accuracy compared to other mainstream CNNs. Specifically, it outperforms the baseline ResNet50 model
by 2.33% in accuracy, effectively elevating the recognition precision and robustness for complex rock core structures.
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Fig. 3 Improved ResNet50 Network Architecture
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Table 1 Classification and quantity of core image samples
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Table 2 Comparison before and after data augmentation
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Table 3 Comparative evaluation metrics of different networks on

the Nanjing University Rock Sample Dataset
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Table 4 Comparison of different networks on the core image

classification dataset
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Table 5 Ablation study of different modules on the core image

classification dataset
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