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Abstract; To improve the accuracy of Time — Sensitive Network ( TSN) network configuration detection , especial-
ly under imbalanced data conditions, this paper proposes a Graph Convolutional Network ( GCN) model based on
feature selection and Conditional Tabular Generative Adversarial Network ( CTGAN) data enhancement for TSN
network configuration detection. First, strongly relevant features are selected by calculating Mutual Information
(MI). Then,CTGAN is applied to address the issue of imbalanced data in the original dataset. Finally,a GCN

model is constructed to obtain the classification results of network configurations. Computer simulations demon-
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strate that the MI — CTGAN — GCN model proposed in this paper enhances the classification capability for imbal-
anced datasets and achieves a higher accuracy rate compared to existing detection algorithms, with a classification
accuracy of 96.28% ,validating the feasibility and superiority of the proposed method.

Keywords : time — sensitive networking ( TSN) ;feature selection; mutual information ; generative adversarial net-

work ; graph convolutional network
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Tab. 4 Precision, recall, F1 score, and Kappa coefficient of fourmodels corresponding to three scheduling methods

PRIEE T LAY TR/ % A IF/ % F1/% K/ %
GCN 93.90 99. 86 96.79 49. 02
FIFO BS - GCN 98. 09 94. 36 96. 19 64. 96
GAN - GCN 98. 01 97.18 97.59 74. 62
CTGAN - GCN 98. 43 97.49 97. 94 78. 48
GCN 90. 61 91.35 90. 98 82.78
cp BS - GCN 90. 89 91.62 91.25 83.30
GAN - GCN 90. 98 92.70 91.83 84.33
CTGAN - GCN 91.93 92.43 92.18 85.08
GCN 93. 44 97.87 95. 60 77. 86
BS - GCN 94.25 96. 56 95.39 77.75

Manual
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