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Fig. 1. Map of the study area among the 2nd order sub-basins of Iran and the location of Armand hydrometric station [19]
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Fig. 2-(a). Variations of daily streamflow at Armand hydrometric station, (b). Box polot of monthly discharge
of Armand station
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Table 1. Development phases of GEP model in this study
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Fig. 3. Scatter plot between observed and forecasted Karun streamflow in the training and testing phases of
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Table 2. Results of MARS, GEP and MT models performances in the training and testing stages

ohelojl al> o Higel al> 5o
L o
MAE (m’/s) RMSE (m®/s) R MAE (m?/s) ~ RMSE (m’/s) R
ARTARVA fv/fay < IAFA Y¥/voa YEIVED < IAYY MARS
YAIQY-. f2IVEY < IAFO YONYY YAIOOF +[AY4Q GEP
YAFYY /Yoy NS YY/NAN YZIVAQ <A MT

LMT 5 GEP MARS (cloJuo 3,Skee ¥ Jgis 55 cyizmed
Ly oS MAE 5 Sievan oy RMSE (gl jasls ) oslizl
Slodds duslie oo
Cd)S wml e DB Y S 5 39 Jgi> 4 29 L
i gy OSkes alojl 5 Bjgel abye 93 2 1 MT Jao oS
e sl Jao &S aad o LS Y Jods ol ol aisly pple 4
MARS ; RMSE)=vs/ vAA m*/s 5 R =-/Af\) MT _cgian
3,8las )l 3590l dls o s RMSE)=vs/vsam’/s g R =-/AfY)
85 s a5 ) GEP o oS el b 3 ol it 5Ly b
23l (pimen 303 )13 (gam als yo 53 (19)5 A9, (b (0059
bl alose 53 a3l e Cundly ol JSily hjsel dlose ;> MAE

)

bl lad blE (358 e 0jl S s o> HY bglas
Sl )15 (423 ¥0) jlaess ki ool 9 YL 3 & (LS 5
b ol i 9 (Su)l gedly y dgnge sllad Hlade SOLLed
Sllbre bl iy o5t e ol 0 B Y b S5 il e Jio
Sole cdlas oyl g Slodds 8 poito duo Y+ o8 LB ojl o wilale o
2 3 MT s GEP MARS cgine jooa la o wglhas 5 Slos
§) ol (closalive bl sy il o Giabol o (390l alsye g
A glosaliio 0l sl (igel o po 13 (ogian Sign o a0
oiomed 03 a5 1) (65568 s Slawlxe polie YEY/S mP/SL
P Sy Egnae Gigr (o de hins 3Sles Sl O BT glaJSs

Aisb e Linlejl ds e > 04VAFMP/S L Ly



FYRE B FFAY doxio V) Jlo )Y 0)los DF 0,93 6308 ool (3lpas (stiee 4y pi

0018

Nomal(68.316;42.254)

0.016

0014

0.012

r 0.01

Density

0.008

0.006

0.004

+~ 0.002

300

(December) ,31 (o)

0.006

Normal(218.684;77.310)

Density

400 300 200 100 0

(April) (55,9,8 (&)

Aoyl ] (23 dilale pdlie w Jloyd @ jeF (wi3lp0 & S

Fig. 6. Normal distribution function fitted to the monthly streamflow of Armand station

peple &5 CE)S i (g e (8by S sladse g (gtan
b dulie > o Jgad il Bl & ol SaodlS slaJao ol
GEP, MT,) ,sbs Gudivs ;> odlatul 3)90 (ouan ogn slaJse

At 095 5 Sl Hlas <> I (MARS

Cashad pas oo g (Bolay dliel W)y -V -V

oolas el W MCS g, )5 Lol 0,83 M8 &S jglailans
4 (20 by codly wde (sl Bl o dlue Y lis] sl yuxie ]
265 )5 st 3p9m (7 JS) o Jloy 1) TF Soabl o,
S (o0 G Jlay @i 5l (22y908 olo (23 slaodly S ol Billas
Jboy zir slyls 3 olo wislon) lmole (3 > (25 45 Candls )3 o]
Lol 0345

Joa 5l ookl b aiiS od Cumd Jlo s @jei 5l as” sbaodls aslsl )
ol 03l JWsl e Jlo g moje5 sl a5 (g bl slaosly 4y Cowlio
31 okaie oy [YV] 3905 odlitul cgiuan (slaodly Wy clp ool 5l
oozl Wbl o d9390 SMAS (s 5 S & Box-Cox s
pladl TF G palyl gy 31 ool b daodly Jas 5l am [¥V] 03,5
ly 35 b sl gl asye Ve ST L e gias o3y Wy &

AN R R b LMT (egias (osn Jae ool oL ¥ Jgin
Sguan Gien sl Jie b dwolis 1 FY/YOY mMP/S L ol RMSE
=-/AfA) MARS 3 RMSE)=f#/v¥y m’/s 4 R =-/As0) GEP
Ll e 6 pYL 8 s RMSE)=fv/fay m/s 4 R
Ga (Egan (ep Sl 3Slas (pwyp yslaie 4 bl
pb slaJse s ARMA Soodls' o (s (sladie b 4 s
) ol (Ssod s 4 3l (L5 bt A duglie on b o3y
s Jie plo b dwlis ) a8 155 Jola/AYY L Iy ARMA Juo
OlSer s Zamani s 5 5 ¢ fiens 3 )lSes ogias hsn
alagy (05 o (silwans cox> ARMA 3 BL Jus 45 51 (Y+10)
Ohsp Sla e o LB S 4 g 2900 odlitel wiol oyl ) 9,8
@M B Gl g SedlS glaie b anlie ) esian
Je 3,Slae SPSS l53ls 5 51 ookl b cyizman N4 ] 23l oo 513,65
by (S cays L (Sl 130 9 &ib) ARIMA S8
¥V/-¥Y m’/s b plp MAE 500/-0 m*/s b,y RMSE o /v¢
Ui s e plo b avolio 3 (50l 3 Slas gaw & aa3 s (LS
s 3,Skae slls ARMA S’ Jia (gt 33 se50me
R=0.66, RMSE=61.110 m’s, and MAE=40.164)

Oen s e 5,S0pg duslio b il o alale o3 3,905 ,> (MY/S

fyay



700

600

500

400

300

Q (m"3/s)

200

100

FYAS B FYAY docio VFe) Jlo )Y 0yl OF 093 638 pwol o (it 4y

s O5PPU
e Observed

A\l
7

- > 3 z - > . - .
— — — b > > 3~ b
Month

(olsob! 290 SU) MARS Jue ;3 B g yis ol 9 YU 3905 U Slaalio (glaodly duglie .V JSG

Fig. 7. The upper and lower uncertainty bands of forecasted streamflow by MARS model in comparison with
observational data (95% confidence level)
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observational data (95% confidence level)
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Table 3. Comparison of uncertainty results for AI models for forecasting Karun river flow.
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