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Network flow prediction based on spatial-temporal features fusion
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2. School of Computer Science and Technology, Dalian University of Technology, Dalian 116024, Liaoning, China)

Abstract; With the increasing scale of network, the accurate and real-time prediction of network flow is essential
for traffic scheduling and routing design. However, due to the nonlinearity and uncertainty of network flow data,
some traditional methods fail to achieve good prediction accuracy. Considering the complex spatial — temporal
features of network flow, a novel network flow prediction method based on spatial —temporal features fusion ( ST-
Fusion) was proposed, combined with encoder—decoder architecture. First, the encoder was designed with two
parallel feature channels: temporal and spatial channels. The temporal features were extracted by integrating gated
recurrent unit ( GRU) and self-attention mechanism, and the graph convolutional network ( GCN) was used to
extract the spatial features. Then, the temporal and spatial features extracted by the encoder were fused by using
the bilateral gated mechanism. Finally, the fused features were input into the GRU-based decoder to generate
prediction results. Experiments were conducted on three public datasets ( GEANT, ABILENE, and CERNET)
using evaluation metrics including MAE, RMSE, ACCURACY, and VAR. Experimental results showed that the
ST-Fusion method achieved better performance in network flow prediction.

Keywords: network flow prediction; features fusion; bilateral gated mechanism; graph convolutional network
(GCN) ; gated recurrent unit (GRU) ; self-attention mechanism
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Tab. 1 Prediction results of different models on GEANT, ABILENE, and CERNET datasets
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GEANT ARIMA 003798 0.021 24 0.101 67 0.010 36 0.037 98 0.021 24 0.101 66 0.009 98 0.037 98 0.021 24 0.101 58 0.009 97
SVR 0.08335 0.084 31 0.314 47 0.636 12 0.083 71 0.084 59 0.319 92 0.670 42 0.083 % 0.084 76 0.3352 0.660 04
GRU  0.02407 0.007 00 0.641 91 0.860 22 0.026 % 0.007 72 0.59891 0.824 69 0.027 53 0.007 9 0.59% 42 0.817 12
GCN  0.02436 0.008 9 0.637 44 0.85 70 0.027 92 0.010 23 0.584 46 0.811 77 0.0978 0.010 97 0.55 76 0.785 85
T-GON  0.021 07 0.009 07 0.686 51 0.898 24 0.025 29 0.010 25 0.623 71 0.850 12 0.026 73 0.009 36 0.60224 0.818 40
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TGN 0.03025 0.016 50 0.788 2 0.921 00 0.035 75 0.019 39 0.749 92 0.8% 82 0.038 78 0.021 21 0.78 52 0.870 16
ST-Fusion ~ 0.028 % 0.014 10 0.797 25 0.928 40 0.035 15 0.017 28 0.753 9% 0.8%4 36 0.038 36 0.019 32 0.73145 0.87321
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