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Fig 1. Location Map of the Studied Subbasin in
Karkheh Basin

(P Coeo o3l ol eSS (Sl s el esls JL)}J Laosls
Se Ol g ap Jaisyse Jie el Sl (ool (ool 5o 0 50 00
J=le 5o Ua Sl Bl sl o 48 555 o Sl wge
€U 5 bdie g las rLl B rL’o O dsde 53 sl v oo
s DL el 0l Ol Je o (gl el ag sla el L

AEb o 39 5 [V] 3 3 8e sadde Jltla o)l

oS s s S sladie Olse 4 ogline o dd sl s liS
ete GleliS pw ey oLl s 0L

oS S S 3w gladie 51 ol @L:.} oS5 XL >
ol Sslise 51l ey S esbisal U 0l

G5l ol sOWA gy s s ndie S 5 ()
5k gladde a4 2ol 25055

SFLl plal 2 5 OWA ) sl adde S 5 (&
> e Sladds 4y aie 23055

s s S sy 3 sl U a5 5 (2

Ldsbas og) opl) Uas o 2eS L3 je Joe 0 e o3l
(el udmﬁu@poj}jdm i 4 ) O Osls

2 s SFLA Dl Sl ol ml oLl e s Al s
S e Ol 5 et atlid Ll e an el

Al 2 0313 0L Y JSKE s Gk ool e o S
4:.5))L§.36LAJ.,\AJL55.?\):M\,Ajd}f)mfbalui;)uu\:l):
HGIUW I AT Cj.i e A 3

Ol s 520w s
bl b sl atlis clow oals Ju o ol G s
oslinal 5,50 0L L Sl e ke sladie Olse 4w g
Jla Ve 5 YY laesls 3l 5 i sladde sl > (gl Lilas S 51 3
Wadus (i Cmes) b5l 5 (sl ) sl Sl 5 4
Coen u:uj) )\ oslaul L MJJ.A Loge )b}l.w ol ol enliu!
(90 ol o3 el el as (Cross- Validation) Clab.w P
lesls sl & Jde Gl 5550 Joe el 5l Jlaae s gl &
4&)}.]94.3 34 oo WW}Q\) U"’)}J S 4> g0 L}J‘ML.LA
2l b Jie 5 e axliS LS eals G ol ol 510 o s

(3l s 72 OWA 25y bl e e sladite 4 23 2ol
Specific Weighting based on OWA (Parallel Strategy)

=

< p—g / (g3 sa 650 2) OWA 2, bl 8 0te gladie ay pmide 830035 / Rl
Variable Weighting based on OWA (Parallel Strategy) ( R R
\ s
AN \ \ \ Selecting the
\ 4 5 (o5 7 5 2 posias gpas a€s 5l oslind L bdas oS 5 Best Result
\ \ Model Fusion using ANN (Combined Strategy) with the least
Correlation Error

ORI

ENN
\| — \
¥ 1R ) \\

(3 50 g 1 ) 0 s gladiaand o 2 T
The Best Individual Forecasting Model (Parallel Strategy)

Coff (Com)

2

S {ETR L g

2

Ol o 028 gl o 8 il gladia

Selected Predictors  Individual Forecasting Models

a

a4 sladie oS 5 slasi 2l
Model Fusion Strategies

EE sl sl

Assessment Criteria

S ol 2, R Y S

Fig 2. Algorithm of This Paper

YA (Lo - Y0 5 ylows —pd Jlw

\V

Ol ool pwaigs 9 pgle



:Jé.bo LSLAJ.M Q\:.pw_, r‘.: -\ d}.\?
Table 1. Name and Properties of Individual Models
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Table 2. Results of Streamflow Forecasting by Individual Models in Validation Phase
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Fig 3. The Graph of the Weights Produced Based on Orlike Method
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Table3. Results of Model Fusion Using Specific Weighting Based on Orlike Method
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Table 4. Results of Model Fusion Using Specific Weighting Based on Orlike Method
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Abstract

Assessment of Ordered Weighted Averaging Strategies in Combination of
Streamflow Forecasting Models Case study: Karkheh River

F. Modaresi', S Araghinejad” and K. Ebrahimi®
Received: 2015/05/24 Accepted: 2016/07/05

Monthly streamflow forecasting plays an important role in long-lead water resources planning and
management. In the current paper, model fusion technique has been used in order to increase the accuracy
of monthly streamflow forecast of Karkheh River at the entrance of Karkheh reservoir in winter. For this
purpose, five models including: Artificial Neural Network (ANN), Generalized Regression Neural Network
(GRNN), Support Vector Regression (SVR), K-Nearest Neighbor (KNN), and Linear Regression (LR)
with optimized structure have been applied as individual forecasting models (IFMs). In order to combine
the IFM models, two model fusion strategies including constant and variable weighting based on ordered
weighted averaging (OWA) have been performed, where the Orlike method has been applied to determine
the weights of IFMs. The results show that variables weighting strategy is more performable than constant
weighting strategy in order to promote the accuracy of the forecast results. In addition, the comparison of
the two strategies including model fusion with artificial neural network and selecting the best IFM reveals
that variable weighting strategy can significantly promote the accuracy of the forecast results than the
latest strategies; such that this strategy increases the accuracy of the results 51.8, 38.1, and 44.5 percent as
compared to ANN model fusion, and 7.6, 132, and 52.9 percent as compared to the best IFM for January,
February, and March, respectively.

Keywords: Model fusion, Ordered Weighted Averaging, Variable Weighting, Orlike Method, Karkheh.
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