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Abstract: For the identification problems of nonlinear system with complex uncertainties, an interval type-2 fuzzy
neural network with self organizing structure and learning algorithm is proposed. Firstly, the fuzzy c-means algorithm
with two different weighting parameters are used to partition the input data to obtain the uncertainty means of rule an-
tecedent; meanwhile, according to the cluster validity criterion, the number of fuzzy rules is determined. Thus, the struc-
ture and parameters of rule antecedent identification are automatically completed. Then, based on the gradient descent
method and Lyapunov function stability convergence theorem, the adaptive learning algorithm for weight vectors of rules
consequent is presented. Finally, the experimental results of nonlinear system identification indicate that the proposed al-
gorithm has faster convergence rate and higher approximation precision than other algorithms. In addition, based on the
power load data of a city, a short-term load-forecasting model is developed by the algorithm, which has higher prediction
precision and better generalization.
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Fig. 2 The curve of cluster validity criterion
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Table 1 Uncertain means of rule antecedent

y(k—1) (k)

14l [-1.1087,-1.0774]  [-0.8331,-0.8179]
241 [-0.0798,-0.0550]  [0.0076, 0.0167]
B34 [1.979, 1.1324] [0.8270, 0.8455]
1.5 T T T T
i -e-TI1FNN
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Fig. 3 The curve of training error
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Fig. 5 Identification result of testing samples
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Table 2 Performance index of training and
testing samples

g YIZpEA WA
bR BORMECERSE) B CE PR )
REMS 0.06002 0.07587
APE 2.6112% 3.247%
mean  14.83(14.83)  0.02657(0.02658)
min 13.97(13.8) ~0.9124(~1.185)
max 15.85(16.09) 0.7539(0.8498)

K2 RMSEN B 5 HRR 2, APEN T 111 7 ix
72, mean Ay ¥, minJy fiz/ME, max A B KAH.
4.2 1 W J7 4 far B0 o i B FH (Application in

short-term power load forecasting)
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Fig. 6 Training result
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Fig. 7 Testing result

43 SOIT2FNN5 H Al AR A g g
Table 3 Performance comparison of SOIT2FNN with
other models

o B =5 gk W R
& N REMS REMS APE/%
MPSO-FNN!'T — 1.4274  1.182
PSO-BP!! - — — 2.0552  1.705
SVD-BpPP¥ 34 484 — — 2.58
SVD-SM-BP? 31 442 — — 2.58

SOIT2FNN 81 186 0.01549 0.02165 1.4

5 458 (Conclusions)
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