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Fig 1. Location of Hydrometrics stations used in the Gamasiab Watershed Basin



Table 1. Hydrometric stations

Geographic coordinates Statistical properties of annual discharge  series –

Hydrometric
station

Elevation(m) Latitude Longitude
Mean
(m3/s)

Standard
deviation

Min Max

1410 º47 54 º34 22 0.415 7.6 4.06 32/4
Doab

1306 º47 26 º34 20 32.5 15.2 6.2 77/3
Polchehr

Equiprobability transformation from fitted gamma
distribution to the standard normal distribution.

ZSDI

Extract Z or SPI Equiprobability transformation from 
standard normal distribution 

Extract monthly and season discharge 

Fitting Gamma distribution 

Calculate of Gamma distribution cumulative 

SDI
Fig 2. Methodology SDI

ClassSDI
SDI Value

Extremely wet>2
Very wet2 1.5to

Moderately wet1to 1.5
Near Normal  wet1 to 0
Near Normal  dry0 to -1

Moderately dry-1 to -1.5
Severely dry-1.5 to 2

Extremely dry<-2

SDI
Table 2. Drought classification based on SDI
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Fig3. Direct artificial neural network
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Tab3. Analysis of ARIMA model parameters selected candidate models in monthly scale

Station Stochastic Model Model parameters Value of parameters Standard error
t

t Ratio P Value

1 0.298 0.1994 1.5 0.136

2 -0.2902 0.1779 -1.61 0.107

( ) ( ) ARIMA 3 0.3918 0.1288 3.04 0.003

Polchehr 1 -0.7142 0.3607 -1.98 0.049

2 0.0204 0.0895 0.23 0.82

3 0.2564 0.1894 1.35 0.177

1 -0.0052 0.1617 -0.03 0.974

2 0.598 0.1184 0.05

2 -0.8104 0.3588 -2.26 0.025

0.7965 0.0434 17.74

0.638 0.1618 3.94

-0.8769 0.075 -11.69

Doab ( ) ( ) ARIMA -0.0088 0.0583 -0.15 0.88

-0.1085 0.0575 -1.89 -0.06

-0.9251 0.0498 -18.58 0
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Tab4. Analysis of model parameters selected candidate models in seasonal scale

Station Stochastic Model Model parameters Value of parameters Standard error
t

t Ratio P Value
0.3474 0.1649 2.11 0.038

1 0.8074 0.1079 7.48

ARIMA 1 0.0317 0.1072 0.3 0.768

Polchehr 2 0.2645 0.098 2.7 0.008

3 0.3925 0.1085 3.04 0.003

1 0.6948 0.1151 4.06

0.2839 0.0987 2.9 0.005

0.1979 0.102 1.94 0.55

ARIMA 0.2351 0.101 2.33 0.022

Doab 0.0155 0.1049 0.15 0.833

0.2697 0.1043 1.58 0.011



Table5. Comparison of forecasting measures between observed and predicted data
SeasonalMonthly

RMEMAERMSE
R

RME
MAE

RMSE
R

SationModel

Polchehr
0.7560.5860.44522.30.2770.7410.563172.7

ARIMADoab
0.7490.5370.430.30.3640.6440.483154.7

Polchehr
0.7770.5390.40310.20.2620.7190.57

DANN
Doab78.00.520.30846.610.340.630.45202.2

Polchehr
0.7830.5610.4325.790.3670.7310.54

HSNNDADoab
0.790.480.3622.980.380.620.4522.43

Doab Polchehr

Calibration

Validation

Fig4. A comparison between observed data and predicted data over Hybrid model in the monthly scale
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Fig5. A comparison between observed data and predicted data over Hybrid model in the seasonal scale



Fig6. A comparison between observed data and predicted data over 1-month lead time using for all monthly scale

Fig7. A comparison between observed data and predicted data over 1-month lead time using for all seasonal scale
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Fig8. Comparison of R2, RMSE, MAE and RME selected candidate stations, monthly (A) and Seasonal(B)



Tab6. Comparison of statistic properties of the observed and predicted data in monthly scale
F Z

Station Model Variance
observed

Mean
Forecasted

Mean
Observed

Mean
Forecasted

Polchehr
ARIMA(313) (201) 12 1.19 0.68 0.57 0.498- -0.535 0.24

Doab
ARIMA(211) (100) 12 0.574 0.578 0.97 -0.721 -0.726 -0.043

Polchehr
ANN(2-1-1) 1.19 0.49 41.0 0.498- -0.444 0.38

Doab
ANN(4-8-1) 0.574 0.261 1.1 -0.721 -724.0 0.05

Polchehr
HSNNDA

ARIMA(313) (201)12

+ ANN (12-4-1)
1.19 0.072 0.6 0.498- -554.0 0.36

Doab
HSNNDA

ARIMA(211) (100) 12

+ ANN (8-14-1)
0.574 0.5 1.12 -0.721 -716.0 0.3

Comparison of statistic properties of the observed and predicted data in seasonal   scale
F Z

Station Model Variance
observed

Mean
Forecasted

Mean
Observed

Mean
Forecasted

Polchehr
ARIMA (111)(003)4 0.567 0.18 0.31 -0.494 -0.492 0.016

Doab
ARIMA (013)(002)4 0.492 0.2 0.48 -0.710 -0.796 0.99

Polchehr
ANN(11-1-1) 0.567 0.014 0.025 -0.494 -0.526 0.375

Doab
ANN(5-5-1) 0.492 0.119 0..290 -0.790 -0.605 1.31

Polchehr

HSNNDA

ARIMA4(111) (003)

+ ANN (3-2-1)

0.567 0.072 0.127 -0.494 -0.588 1.07

Doab

HSNNDA

ARIMA4(013) (002)

+ ANN (2-3-1)

0.492 0.159 0.381 -0.710 -0.774 0.763
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