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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

29 pis Cogo > b opl 3 bl Jos 038
by SYlais] g e 8 ubos (B lanlie claesls
Wl 8T Jlow 1) Jie g 03900 (s 1y Jolao 9 e oy
GleMbl 4l p opge 4l Jae S &S cwl wl
sl wod Judoo g oadedly drwgy SWl Hlaws  Slaalie
b (il dbgrpe Sl snpie 9 oo
) 2y 8 (ghad ygpm 5 )

darly 5 ol &S cwl ilol gy g )S) Jibs
ot by S (lopate) (o8 pite w2 b 93 o
odlitwl (Fwly yiie) Aty pite miim Glp (oaS
2) Cygods opsie Lo (Jad g )S) Jre Ko 900
g Ol
y =X BiXi+e v)

Xi dosmsSy soyahl) g )S) cars Bi ol »» &S
Jolas 9y 31 (Bi) s sS) calpd (055 jglaiods .canl
..)9...:3@ o.)L().'I.wI s ULU)A

Sy (85,8) Uy b dzd g b oS S el
Wk osday Wy (pin bwy Slge K58 oS
Loyl smg LS 1 (6,505 0,5 o 5l U 4 lao,S
b ygo ool 53 Wgdior iy (boyd Sl @iy
a3 bayye SYlain] sd o ks o] (adsl) el Jlezs]
S Jlenl 098 Bl 5l (e 4Sed > i e Fomby
YU obisu Lo bge aVlas! 5 ble Cad a
A8l a8 olel g e
Ol pie baSs Jb oplsl YU > &S a8 les
ml Shbs lp |y Gs a9y g slra, Sl
cde glajylly Cundy peod I e glgp WS
el o b by ol 3 &Sy sy Jglee Cundg 4 g0
S b ovigd mpin el plen b Jslee Cundy ot
ool Comdy dlme ISl e 4 cutSil Al
S 2905 o lgiiee il g 4l sz ,liS 50
oled b2l Sy p bl 2 )I8E e
0l5)S3 d)le  ogdle g dmles 8 do ols (29
IS5 @ plgiee dlse Sl il ) onje sbaSd Joe

1- 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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Figure 4. The performance of Bayesian network and multivariate linear regression in the testing for predicted
precipitation in Tabriz synoptic station
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Figure 5.The performance of Bayesian network and multivariate linear regression in the testing for predicted
temperature 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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Figure 7. The observed and predicted values of precipitation from Tabriz synoptic station with Bayesian network and
multivariate linear regression (compound3) the training and validation
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Figure 8. The observed and predicted values of temperature from Tabriz synoptic station with Bayesian network and
multivariate linear regression (compound3) the training and Testing
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Figure 9. The observed and predicted values of radiation from Tabriz synoptic station with Bayesian network and
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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