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Fig 1. Location of Hydrometrics stations used in the Gamasiab Watershed Basin
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Table 1. Hydrometric stations
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Table 2. Drought classification based on SDI
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<2 Ll JLSes Extremely dry




Fig3. Direct artificial neural network
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Tab3. Analysis of ARIMA model parameters selected candidate models in monthly scale
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Tab4. Analysis of model parameters selected candidate models in seasonal scale
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Table5. Comparison of forecasting measures between observed and predicted data
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Fig4. A comparison between observed data and predicted data over Hybrid model in the monthly scale
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Tab6. Comparison of statistic properties of the observed and predicted data in monthly scale

AECRIE Je s oLl o=l F oSl W Z
o ddodalin ﬂu‘-;'\.:f U:“?i e ddodalin e.&.ﬁﬁ&:ﬁ
Station Model Variance Mean Mean Mean
observed Forecasted Observed Forecasted
A & ARIMA(313) (201) , 1.19 0.68 0.57 0.498- -0.535 0.24
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TabV. Comparison of statistic properties of the observed and predicted data in seasonal scale
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Station Model Variance Mean Mean Mean
observed Forecasted Observed Forecasted
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Tab 8. Kappa Value in the monthly and seasonal scale in research

Jua gl NECRN{RE Glale LS oL Shad LS oLl
Model Name Station Name Kappa Monthly Kappa Seasonly
S zlS g2 A5 0.528* 0.2
ARIMA Polcihehr
= 0.519% 0.156
Doab
_ . A 0.539% 0.05
pofins g2 4SS Polchehr
DANN —ls 0.437* 0.231%
Doab
b 0.565* 0.101
K Polchehr
HSNNDA <l 0.555* 0.208
Doab

el s oxe P —value<e/io L LIS o bl %

*P-value< 0.05 is significant.
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