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Abstract

Nixing Pottery is one of China’s four great famous pottery. Its appearance is highly similar to Jingdezhen
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Porcelain, Dehua Porcelain, and Yixing Zisha Pottery, making it difficult to distinguish with the naked
eye. People who are not familiar with them often confuse them. All these issues have restricted the
dissemination of its culture and the development of related industries. Focusing on the core problem
that Nixing Pottery is easily confused with similar pottery in appearance and difficult to identify, this
paper proposes a fine-grained recognition method for Nixing Pottery based on ResNet18. The Res-
Net18 model is improved by adopting a hard sample feedback strategy (hard sample oversampling +
hierarchical feature fine-tuning), and data augmentation technologies of MixUp and CutMix algorithms
(linearly weighted mixing of samples and labels, as well as cropping and splicing regions of different
samples, etc.) are (randomly) combined to enhance the generalization ability of the model. Exper-
imental results show that the overall accuracy of the traditional ResNet18 model on the test set is
82.22%, while the overall accuracy of the improved ResNet18 model on the test set can reach 84.44%.
Compared with mainstream models such as EfficientNet-B0, MobileNetV2, and VGG16, it achieves a
better balance between accuracy and model lightweighting. This research provides a feasible direc-
tion and efficient technical support for the intelligent identification of Nixing Pottery and the digital
protection of intangible cultural heritage.
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Figure 1. ResNet18 model architecture diagram
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Figure 3. Schematic diagram of residual basic building node
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Table 1. Comparison table of performance among different models
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Figure 4. Training process of comparative experiments
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Table 2. Comparison table of ablation experiments
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Performance Analysis of Data Augmentation and Hard Sample Mining
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Figure 5. Curve diagram of the ablation experiment process
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