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Application of temporal convolutional network in heat load prediction
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[ Abstract] To address the problem of difficulty in realizing heat distribution on demand at heat stations caused by the low accuracy
of heat load prediction due to inaccurate heat load data in realizing optimal control of heat stations, the article uses the area method
to fit the heat load data. The mathematical relationship between heat load and outdoor temperature is established by deriving formulas
to obtain the trend of heat load curve. The integral operation is used to make the area of the heat load curve equal to the area of the
instantaneous heat curve, the scale at which the heat load curve should move as a whole is calculated, and the fitted heat load curve
is finally obtained. A Temporal Convolutional Network ( TCN) model is built to predict the heat load data of the fitted heat station
and compared with long short—term memory (LSTM) and back propagation neural network ( BP). The experimental results prove
that TCN has smaller error compared with other algorithms and can achieve accurate heat load prediction.
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Fig. 3 Instantaneous heat at heat stations in December
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Fig. 4 Instantaneous heat curve of heat station after pre—process
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Fig. 5 Heat load data of heat stations after preliminary fitting
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Fig. 6 Final fitted heat load curve
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Fig. 7 Comparison between the heat load and instantaneous heat
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Tab. 1 TCN model hyperparameter setting
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(55 WE i 4
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Batch_size 28
Time_step 24
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Dropout % 0.05
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Fig. 10 TCN test set prediction results
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Tab. 2 Algorithm evaluation index comparison
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