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Abstract

In this paper we introduce a fuzzy semiparametric time series model aggregating semiparametric
techniques and neural network into adaptive fuzzy time series model with LR-type fuzzy data.
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First, a hybrid approach including nonparametric kernel-based method, weighted least squares
and cross-validation method is suggested, which could simultaneously estimate both regression
parameters and smooth function of the innovations along with optimal value of the bandwidth.
Next, back propagation neural network (BPNN) is created based on the nonlinear residual se-
quence and then new deviations are attained as a result of operating with neural network, so that
the richer information can be obtained under uncertain conditions and the prediction accuracy is
improved. Some common goodness-of-fit criteria are employed to examine the performance of the
proposed adaptive fuzzy semiparametric time series model. A simulation example is given to illu-
strate the effectiveness of this method. Last, statistical analyses of obtained results indicate that
the proposed model is reliable and effective for predicting fuzzy time series data and superior to
other fuzzy time series forecasting models.
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Figure 1. Structure of three-layer BP neural network
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Table 1. The performances of various fuzzy time series models in example analysis
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Ozawa et al. (1999) 0.3303 0.5439 0.2334
Li et al. (2009) 0.5822 0.6691 0.1345
Hesamianand Akbari (2018) 0.7315 0.7932 0.0521
Hesamianand Akbari (2022) 0.7913 0.8325 0.0489
Nie and Lu 0.8852 0.8947 0.0234
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Figure 2. The observed and predicted values of each fuzzy time series model in example analysis
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