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1- Bayesian Network

2- Artificial Neural Network

3- Stanford
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Figurel. The observed values of monthly precipitation, temperature and radiation from Tabriz synoptic station
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Table 1. Statistical Profile monthly precipitation, temperature and radiation from Tabriz synoptic station
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Table 2. Cross-correlation coefficient between input and output parameters
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Figure2. The view of direct and cyclic Bayesian network
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Figure 3. The entropy value of each parameter input to the model

Table 3. Results Bayesian network used in the training and validation
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Table 4. Results multivariate linear regression.used in the training and validation
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precipitation in Tabriz synoptic station
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Figure 6.The performance of Bayesian network and multivariate linear regression in the testing for predicted
radiation in Tabriz synoptic station
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multivariate linear regression (compound3) the training and validation
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Abstract

_ Selecting appropriate inputs for intelligent models is important due to reduce costs and save
time and increase accuracK and efficiency of models. The pL_JI‘BOSG_Of_'[hIS study is using
Shannon entropy to select the optimum combination of input variables in time series modeling.
Monthly time series of precipitation, temperature and radiation in the period of 1982-2010 was
used from Tabriz synoptic station. Precipitation, temperature and radiation parameters with
different delays are considered as input to the Shannon entropy. The results showed that time
series with three delays provide the better results for the modeling. Applying Bayesian network
and multivariate linear regression analysis were performed. Models performance was evaluated
using three criteria: coefficient of detérmination (R”), root mean square error (RMSE), and the
dispersion. Index (SI). The results indicated that Bayesian neural network model shows the best
performance to simulate time series of precipitation, temperature and radiation in compare to
multivariate linear regression analysis. The results showed that Shannon entropy has better
performance in selection of the appropriate entry into intelligent models.
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