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Classification of Wuyi rock tealeaves by integrating
global and local information
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Abstract: In this study, we focused on the classification of fresh Wuyi rock tealeaf images into different fine-grained
categories and the construction of a two-branch parallel-structured convolutional neural network (CNN) model by integ-
rating global and local information. We constructed a Wuyi rock tealeaf image dataset comprising 7330 fresh tealeaf im-
ages of nine varieties. The experimental results showed that the proposed two-branch parallel-structured CNN model
with ResNet18 achieved an accuracy of 96.68% on the Wuyi rock tealeaf image dataset, which is superior to that of oth-
er CNN models. This result demonstrates that integrating global information and local information relating to edge shape

and texture can effectively improve classification accuracy.
Keywords: classification of Wuyi rock tealeaves; deep learning; transfer learning; feature integration; convolutional
neural network; residual network; edge shape; texture
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