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Abstract: Under the context of digital transformation, the rapid growth of global network traffic has posed new challenges to the
network governance technology framework. To enhance the performance of intrusion detection systems and improve the accuracy of
network traffic classification, this paper proposes an improved network traffic classification model based on YOLOv12. By
introducing an efficient multi—scale attention structure, the model effectively addresses the limitations of the original region—based
attention mechanism in the final classification stage while maintaining computational complexity. Additionally, the model employs
the C3K2_RepLKNet large kernel architecture to expand the receptive field, optimizing spatial information capture and reducing
excessive reliance on local texture features. Experimental results demonstrate that compared to existing methodologies, the proposed
model achieves significant performance improvements on the USTC-TFC2016 benchmark dataset, with accuracy, precision, recall,
and F1 - score reaching 99.22%, 99.26%, 99.17%, and 99.21%, respectively. These results underscore the model’s exceptional
performance metrics. The proposed method fully addresses the demand for algorithmic real—time performance and accuracy in the
field of network traffic classification.

Key words: network traffic classification; YOLOvVI2; efficient multi — scale attention structure; large convolution kernel
architecture ; USTC-TFC2016
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Fig. 1 Overall architecture diagram of the model
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Table 3 Results of ablation experiment %
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Base 99.02 99.09 98. 86 98.95
Base+E 99. 14 99.21 99.01 99.10
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