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PSO-BP neural network prediction model, a combined prediction method based on JMP, PSO-BP neural
network and Markov chain is proposed. The method first uses JMP data processing software to process
the input data and eliminating the low coupling degree samples, then conducts PSO-BP neural network
training to obtain the cold load prediction results, and finally uses markov chain to eliminate the random
errors generated by the system to obtain the final prediction results. The results show that the combined
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Abstract: Aiming at the low correlation between input and output data and the error of prediction model
in PSO-BP neural network prediction model, a combined prediction method based on JMP, PSO-BP
neural network and Markov chain is proposed. The method first uses JMP data processing software to
process the input data and eliminating the low coupling degree samples, then conducts PSO-BP neural
network training to obtain the cold load prediction results, and finally uses markov chain to eliminate the
random errors generated by the system to obtain the final prediction results. The results show that the
combined prediction method has higher prediction accuracy, and the prediction result conforms to the
change rule of the shopping mall load, and meets the actual application requirements.
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Fig. 1 Flow of dynamic prediction method for cooling load
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