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Abstract This paper constructed a model for short term forecasting of station temperature based on
causal analysis of information flow and machine learning algorithms, taking Songshan Station in Taiwan as
the test samples, using ECMWF reanalysis data, measured meteorological data of Songshan Station and
CLDAS-v2. 0 near-real-time product data, combined with causal analysis and correlation analysis, using
four Machine Learning ( ML) algorithms: BP neural network, Random Forest ( RF), Least Squares
Support Vector Machine ( LSSVM ) and Bayesian Network ( BN) to carry out temperature short-term
forecasting experiments. The conclusions are as follows: (1) driven by any of the data selected in this

paper, for BP neural network, RF, and BN, the prediction results based on causal analysis are better
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than those of correlation analysis, and the average reduction of RMSE is between 1%-2%. For LSSVM,

the difference between causal analysis and correlation analysis is small, which verifies that causal analysis

has better correlation mining capabilities; (2) adding adjacent spatial prediction factors in the forecast

model can improve the temperature prediction effect, and the average reduction of the RMSE of the

improved temperature prediction model is between 2%-8%; (3) in the case of small samples, the
forecasting effect based on CLDAS-V2.0 data is better than that of ECMWEF reanalysis data, and the
average reduction of RMSE is between 4%-8% , which verifies that the quality of CLDAS-V2. 0 data in

China is indeed better than that of similar international products.
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Fig. 1 Flow chart of the short-range forecast method
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Table 2  Standardised information flow between temperature

and each forecast factor
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T 0.432078  0.439068  0.069 316  0.001 139
T 0.452407  0.129838  0.136852 —0.003 12
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Table 3 Correlation coefficients between temperature

and each forecast factor

AR P 4 H TP
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T4 P4 W4 TP4
T 0.970 152 -0.750 9 -0.420 12 -0.064 21
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Table 4 Experiment 1, values of assessment metrics and degree of improvement under four ML algorithms

i +ECMWE i
WARERR O BUREPRR MLSEE /%
M7 LR W AR
RMSE 1 BPNN 3.077 7 2.648 1 1.013 1
RF 0.971 9 0.951 05 +2.20 0.980 5 +3.10
LSSVM 1.019 8 1.026 9 -0.69 1.130 2 +10. 06
BN 1.570 6 1.5511 +1.26 1.574 8 +1.53
3 BPNN 5.770 7 5.178 3 2.007 4
RF 1.924 6 1. 880 4 +2.35 2.002 6 +6. 50
LSSVM 2.0309 2.059 2 -1.37 2.127 17 +3.33
BN 2.3710 2.3229 +2.07 2.394 1 +3.07
6 BPNN 12.368 5 9.908 9 2.829 8
RF 2.584 2 2.524 4 +2.37 2.867 8 +13. 60
LSSVM 2.767 5 2.784 6 -0.61 2.958 3 +6.24
BN 2.840 6 2.788 6 +1.86 2.867 9 +2.84
MSE 1 BPNN 9.472 3 7.0126 1.026 3
RF 0.944 7 0.904 3 +4.47 0.961 5 +6.33
LSSVM 1.039 9 1.054 4 -1.38 1.277 3 +21. 14
BN 2.466 6 2.405 9 +2.52 2.479 9 +3.08
3 BPNN 33.300 5 26. 815 4.029 8
RF 3.704 1 3.5359 +4.76 4.010 6 +13.43
LSSVM 4.124 7 4.240 1 -2.72 4.527 2 +6.77
BN 5.621 4 5.396 0 +4.18 5.731 6 +6.22
6 BPNN 152.979 6 98.186 3 8.008 0
RF 6. 6783 6.372 8 +4.79 8.224 0 +29.05
LSSVM 7.659 2 7.754 1 -1.22 8.7515 +12. 86
BN 8.068 9 7.776 3 +3.76 8.224 9 +5.77
MAE 1 BPNN 2.002 5 1.884 0 0.706 0
RF 0.678 5 0.664 1 +2.17 0.675 8 +1.76
LSSVM 0.740 3 0.763 9 -3.09 0.783 4 +2.55
BN 1.098 9 1.087 6 +1.04 1.099 2 +1.07
3 BPNN 4.304 0 3.751 4 1.485 3
RF 1.429 8 1.393 8 +2.58 1.483 9 +6. 46
LSSVM 1.596 8 1.645 5 -2.96 1.576 3 -4.21
BN 1.749 7 1.713 2 +2.13 1.769 0 +3.26
6 BPNN 8.9725 7.4850 2.152 8
RF 1.939 0 1.885 1 +2.86 2.170 6 +15.15
LSSVM 2.284 6 2.306 6 -0.95 2.248 9 -2.50

BN 2.156 5 2.106 4 +2.38 2.170 7 +3.05
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R? 1 BPNN 0.721 8 0. 7940 0.969 9
RF 0.972 3 0.973 4 +0. 11 0.971 8 +0. 16
LSSVM 0.969 5 0.969 0 -0.05 0.962 5 +0. 67
BN 0.927 5 0.929 3 +0.19 0.927 2 +0.23
3 BPNN 0.021 8 0.2123 0.881 6
RF 0.891 2 0.896 1 +0.55 0.8822 +1.55
LSSVM 0.878 8 0.875 4 -0.39 0.867 0 +0. 96
BN 0.834 9 0.8415 +0.78 0.822 8 +2.22
6 BPNN -3.4939 -1.8843 0.764 8
RF 0.803 8 0.812 8 +1. 11 0.758 4 +6. 69
LSSVM 0.7750 0.772 2 -0.36 0.7429 +3.79
BN 0.763 0 0.771 6 +1. 11 0.747 4 +3. 14
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Fig. 3 Comparison of the temperature forecast by the three ML algorithms with the real temperature: (a)1 h; (b)3 h; (¢)6 h
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Table 5 Experiment 2, values of assessment metrics and degree of improvement under four ML algorithms
CLDAS-v2.0 i
PR EGE A b gy ML 5532 UL %
DN PR soRgoe PRI

RMSE 1 BPNN 0.8375 0.836 0 +0. 18 0.891 8 +6.67
RF 0.890 8 0.882 5 +0.94 0.8823 -0.02

LSSVM 0.8415 0.840 9 +0.07 0.8826 +4.96

BN 0.8515 0.849 4 +0.25 0.8875 +4.49

3 BPNN 1.586 6 1.567 6 +1.21 1.7515 +11.73

RF 1. 680 8 1.662 0 +1.13 1.681 5 +1.17

LSSVM 1.549 4 1.543 3 +0. 40 1. 669 8 +8.20

BN 1.069 7 1.023 1 +4.55 1.0559 +3.21

6 BPNN 2.3295 2.303 2 +1.14 2.456 17 +6. 66

RF 2.371 8 2.3117 +2.60 2.203 9 -4. 66

LSSVM 2.247 6 2.2570 -0.42 2.2509 -0.27

BN 1. 600 7 1.624 4 -1.46 1.696 9 +4. 46

MSE 1 BPNN 0.701 5 0.699 0 +0. 36 0.795 2 +1.38
RF 0.793 6 0.778 8 +1.90 0.778 5 -0.04
LSSVM 0.708 2 0.707 2 +0. 14 0.778 9 +10. 14

BN 0.725 1 0.721 6 +0. 49 0.787 6 +9.15
3 BPNN 2.517 4 2.4573 +2.45 3.067 8 +24. 84

RF 2.8252 2.7623 +2.28 2.8247 +2.26

LSSVM 2.400 6 2.3818 +0.79 2.788 3 +17.07

BN 1.144 3 1.046 6 +9.33 1.114 8 +6.52

6 BPNN 5.426 4 5.304 6 +2.30 6.0355 +13.78

RF 5.6254 5.3437 +5.27 4.8570 -9.11

LSSVM 5.0515 5.093 9 -0.83 5.066 6 -0.54

BN 2.562 3 2.6385 -2.89 2.8795 +9.13

MAE 1 BPNN 0.6315 0.625 8 +0.91 0.658 5 +5.23
RF 0.659 2 0.648 9 +1.59 0.649 7 +0. 12

LSSVM 0.627 2 0.624 2 +0. 48 0.649 9 +4.12

BN 0.619 2 0. 6150 +0. 68 0.646 1 +5.06
3 BPNN 1.168 2 1.163 5 +0. 40 1.324 5 +13. 84

RF 1.237 6 1.2218 +1.29 1.268 2 +3.80

LSSVM 1.1552 1.146 9 +0.72 1.267 0 +10. 47

BN 0.829 1 0.786 1 +5.47 0.817 6 +4.01

6 BPNN 1.760 6 1.750 8 +0. 56 1.857 4 +6. 09

RF 1.778 8 1.729 6 +2.84 1. 668 0 -3.56

LSSVM 1.746 4 1.742 3 +0.24 1.741 4 -0.05

BN 1.2125 1.238 5 -2.10 1.291 6 +4.29

R? 1 BPNN 0.944 8 0. 9450 +0. 02 0.937 5 +0.79
RF 0.937 6 0.938 8 +0.13 0.938 8 +0. 00
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CLDAS-v2.0 S
TSR BURIEC ML 553 BRI/ %
HISEAM T PR L5 BRI/ % RS> BT

LSSVM 0.944 3 0.944 4 +0.01 0.938 7 +0. 60

BN 0.942 9 0.943 2 +0.03 0.983 0 +0.55

3 BPNN 0.801 6 0. 806 4 +0. 60 0.758 3 +5.96

RF 0.777 4 0.782 3 +0. 63 0.777 2 +0. 65

LSSVM 0.810 8 0.812 3 +0. 18 0.780 3 +3.94

BN 0.909 8 0.917 5 +0. 84 0.912 1 +0.59

6 BPNN 0.572 2 0.581 8 +1.65 0.524 2 +9.90

RF 0.556 6 0.578 8 +3.84 0.6171 -6.62

LSSVM 0.601 8 0.598 5 -0.55 0. 600 6 -0.35

BN 0.797 6 0.791 6 -0.76 0.772 6 +2.40
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