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Spare parts demand fuzzy prediction model driven by

data and knowledge
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Abstract; Aiming at the problem of scarcity of expert knowledge required by knowledge-driven demand forecasting model and insufficient

interpretability of data-driven demand forecasting model, a fuzzy prediction model of spare parts demand driven by data and knowledge was

proposed. Based on the fuzzy clustering algorithm, the numerical data was clustered into a rule base with simple structure and strong

interpretability. The domain expert knowledge was represented as a Mamdani-type rule base by utilizing fuzzy logic. On this basis, a new type of

intelligent computing theory—fuzzy network theory was introduced, the two types of rule bases were merged into an initial prediction model. A

genetic algorithm was employed to optimize the fuzzy set parameters of the model’s rule base to enhance the model’s predictive accuracy. Compared

with the fuzzy clustering algorithm, the proposed model has advantages in interpretability and accuracy.
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Tab.2 The normalized dataset

)
do

X X X3 Xy y

1 0.1942 0.3904 0.2872 0.0005 0.348 8
2 0.1099 0.596 8 0.3085 0.0010 0.5977
3 0.3964 0.2423 0.9043 0.0012 0.2767
4 0.0323 0.7629 0.1915 0.0013 1.0000
116  0.3718 0 0.8085 0.9793 0.346 5
117 0.1825 0.5567 0.287 2 0 0.586 0

118 0.6787 0.1182 0.7979 0.046 3 0
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Fig.8 Comparison of SMAPE values for three models with

different iteration times
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