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Abstract: Put fowvard a real-time dynamic truck link travel times forecastingmodel based on fuzzy neural network,
discussed the theory and method of adaptive netvork-based fuzzy inference system (ANFIS) nework, and the feas-
bility and reliability of forecasting the travel time. The hybrid leaming algorithm which combines error back propa-
gation algoritm with least-gquare estimation was used. It makes the dimension of searching ace be reduced. The
fuzzy inference rule is decreased by using subtraction clusteringmethod. This hybrid learning algoritm and subtrac-
tion clustering method greatly raise the geed of paraneter identification and convergence. The smulation result
shaw's that the AN FIS netvork model ismore accurate than pure neural netvork or pure fuzzy theory goplication, its
geed becamesmore faster, its accuracy becaonesmore higher and better real-time.
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1
Table1l Output of example expectation and model forecasting rewults
X1 X2 X3 X4 X5 Xg /min /min /min
1 1 2 1 1 1 1 0.948 9 0.957 0 -0.008 1
2 1 1 1 0 1 1 0.848 5 0.8570 -0.0085
3 2 2 2 6 1 2 1.984 9 1.9850 - 0.000 1
4 2 2 2 1 2 1 1.890 9 1.8850 0.005 9
5 3 1 1 6 2 2 2.1875 2.2150 -0.0275
6 3 1 1 0 1 2 2.0188 2.0200 -0.0012
7 1 2 2 -6 2 1 1.162 4 1.1950 -0.0326
8 1 2 1 -1 2 1 1.0330 1.040 0 -0.007 0
9 2 1 2 -1 2 1 1.692 9 1.690 0 0.002 9
10 3 1 2 -6 1 1 2.3430 2.3500 - 0.007 0
3
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Fig. 3 Smulated processes curves of forecasting model
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