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Prediction of Optimal Temperature for Organic Rankine Cycle Based on Artificial Neural Network
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[ Abstract]  As two important factors, input temperature and mass flow of heat source have great influence on the performance
of ORC system. In this paper, we proposed a Long short-term memory (LSTM) neural network that can forecast intermitted and
chaotic hourly temperature and mass flow of heat source. The temperature and mass flow data used are the hourly mean
temperature and mass flow collected in one industry factory. And the two well trained neural networks are tested with the test
dataset and used to forecast the next hourly temperature and mass flow of heat source. The results show that the proposed neural
networks offer reliable forecast of the dynamic parameters of heat source, which indicates LSTM neural network can be used to
build the dynamic controlling system in the future.
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Fig.1 Graph of feedforward neural network
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Fig.5 Flowchart of training LSTM neural network
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Fig.10 Forecast of mass flow using predicted values
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