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Abstract

The Temperature and relative humidity forecasting is the application of science and
technology to predict the state of the temperature forecasts are made by collecting quantitative data
about the current state of the atmosphere. This paper utilizes intelligence system for one step time
interval ahead prediction of an important weather parameter which is temperature and relative
humidity. Our study are forecasting temperature model based on Intelligence system such as Neural
network and our proposed neuro-fuzzy which trained and tested using one year past(2010) weather
data. We compared our forecasting model with another intelligence system. The results show that our
proposed neuro-fuzzy has minimum forecasting error and can be considered as a good method for
temperature and relative humidity forecasting. Thus, our proposed temperature and humidity
forecasting model can be applied to calculating cooling load of building for energy management.
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Historical Normailzed Daily RH of Testing Sets
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Algorithm | Input | Output | Node RMS VAF
Train Test Train Test
NN-LM 5 1 10 0.0618 1.5071 94,219 7.870
NN-SCG 5 1 10 0.1307 0.3362 75.880 | 40.893
ANFIS 5 1 3 0.1357 0.3752 74.015 | 17.957
NFs 5 1 20 0.1199 0.3474 79.737 | 19.569
NN-LM 10 1 10 0.0213 0.0570 98.500 | 97.518
NN-5CG 10 1 10 0.0308 0.1144 | 98.657 | 90.085
ANFIS 10 1 3 1.81e-7 2.01e-6 100.00 | 100.00
NFs 10 1 20 2.07e-16 | 3.1%e-16 | 100.00 | 100.00
NN-LM 20 1 10 0.0318 1.2121 95.412 | 10.458
NN-5CG 20 1 10 0.1111 0.2331 80.123 | 50.458
ANFIS 20 1 3 0.1257 0.3542 78.123 | 18.123
NFs 20 1 20 5.12e-10 | 12.887 | 100.00 | 0.602
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