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Abstract: In order to accurately predict the cooling load
of metro stations, firstly, by analyzing the historical data
from the metro station monitoring platform, the
passenger flow and meteorological parameters are
identified as the main influential factors. Then, a dynamic
passenger flow neural network prediction model is
established, by utilizing the hourly monitored carbon

dioxide volume concentration data in the metro station, A
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comparion of the carbon dioxide data with the automatic

fare collection data indicates that the correlation

coefficient R’ of the prediction model can reach 0.87. After
that, based on passenger flow prediction, the cooling
load predicting model of the metro station is built. A
comparsion of the predicting performance of back
propagation neural network and support vector machine
algorithm under different time scale training data suggests
that the R’ of both models can reached 0.95 or higher, and
the root mean square error is between 70 kW and 90 kW,
which is of a high prediction accuracy. However, the
calculation time of the support vector machine algorithm
is about 3 to 4 times that of the back propagation neural
network algorithm. The neural network model is

recommended when the amount of data is large.

Key words: metro station; passenger flow; neural
network; support vector machine; cooling load
prediction
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Tab. 1 Calculation result of correlation coefficient

F5 T, T, P, G
1 0.79 0.79 0.50 0. 64
2 0.85 0. 80 0.46 0.45
3 0.76 0.71 0.45 0.59

525 0.97 0.76 0.62 0.76

526 0.98 0.73 0.99 0.84

527 0.93 0.77 0.74 0.79
7, 0.68 0.65 0.58 0.76
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Fig. 1 Autocorrelation coefficient change of cooling
load
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Tab. 2 Predicting performance of different hidden

node numbers

e S Bl /A R? RMSE/(A-h™)
3 0.84 338.71
5 0.86 310.08
7 0.87 305. 96
9 0.85 321.37
11 0.86 315.43
13 0.85 320. 88
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Fig. 3 Comparison of passenger flow prediction re-
sults of BPNN
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Fig. 4 Hourly variety curve of cooling load in the

test set
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Tab. 3 Predicting results of ANN in different time

scales
YRR R R/ A R RMSE/kW
1 0.96 77.35
2 0.96 77.20
3 0. 96 78.05
4 0.97 70. 89
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Fig. 5 Comparison of cooling load prediction re-
sults of BPNN in the test set
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Tab.4 Predicting results of SVM under different

time scales

YA i U/ H R RMSE/kW
1 0.96 76.35
2 0.96 74. 28
3 0.96 82.81
4 0.95 87.38
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