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Abstract

Temperature and humidity forecasting have been performed using artificial neural networks
model(ANN). We composed ANN with multi-layer perceptron which is 2 input layers, 2
hidden layers and 1 output layer. Back propagation algorithm was used to train the ANN. 6
nodes and 12 nodes in the middle layers were appropriate to the temperature model for
training. And 9 nodes and 6 nodes were also appropriate to the humidity model respectively.
90% of the all data was used learning set, and the extra 10% was used to model verification. In
the case of temperature, average temperature before 15 minute and humidity at present
constituted input layer, and temperature at present constituted out-layer and humidity model
was vice versa. The sensitivity analysis revealed that previous value data contributed to
forecasting target value than the other variable. Temperature was pseudo-linearly related to the
previous 15 minute average value. We confirmed that ANN with multi-layer perceptron could
support pollutant dispersion model by computing meterological data at real time.
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Fig. 1. Schematic diagram of multi-layer perceptron
(21CH=s, 1999).
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Table 1. Characteristics of temperature and humidity

ZAHEEA 3lolx q 0% St bk Temperatie | Humdly
Number of samples 287 287
=0
propagation) &2 2] 0] o Mean 6.890 49368
918l 4 5914 g ne] grol #om A7 Variance 13230 284.646
o njo abg el AXREE AT Fro] A Std Dev. 3637 16871
- _ Abs Dev. 3.054 14.205
AA Ao A el AEle Alzke]l I
S S o Skewness 022 0015
7behe @S 7R olgd A gYE|Fe Kurtosis 0T 0776
&S W77 SEte 7RI AARE T Range 1423 72310
e oy 7HA Wy Ee] AdEHT e olF Q3-Q1 5225 26.3%
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Fig. 2. Time series plot of temperature and humidity
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Fig. 3. Transfer function of the artificial neural networks
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Table 2. Data transformation for transfer function

Temperature Humidity
Actual  |Transformed| Actual |Transformed
1 5.88 0418794 51.51 0.860121
2 5.63 0410757 5228 0.863282
3 572 0413685 50.31 0.855101
4 5.84 0417528 48.64 0.847916
5 473 0.379077 5245 0.863974
6 4.12 0.354635 56.65 0.880400
7 3.84 0.342423 59.56 0.891093
8 352 0.327569 60.40 0.894084
9 3.76 0.338803 64.70 0.908783
10 3.69 0.335586 60.85 0.895670
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Table 3. Comparison of tentative temperature models and humidity models

Temperature Humidity
Model Percentage correct RMS error Model Percentage correct RMSE
2-3-3-1 7821 745 2-3-3-1 83.64 421
2-3-6-1 76.31 823 2-3-6-1 8043 5.56
2-3-9-1 79.53 767 2-3-9-1 85.79 320
2-3-12-1 7531 8.79 2-3-12-1 83.78 420
2-6-3-1 80.36 545 2-6-3-1 84.54 345
2-6-6-1 84.76 523 2-6-6-1 8534 344
2-6-9-1 85.64 4.68 2-6-9-1 8432 3.54
2-6-12-1 8991 3.50 2-6-12-1 87.34 297
2-9-3-1 88.23 3.79 2-9-3-1 87.54 2.86
2-9-6-1 87.78 402 2-9-6-1 90.50 278
2-9-9-1 86.65 423 2-9-9-1 88.32 243
2-9-12-1 85.65 478 2-9-12-1 87.56 2.89
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Fig. 5. Surface and contour plot to compute sensitivity by the input variables

Table 4. Variation of the target value according to
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the input variables
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