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Extended Abstract

Introduction

The rainfall-runoff process, which is affected by various hydrological parameters, is one of the most complex
hydrological processes and one of the most basic hydrological topics related to understanding and predicting the
processes of runoff production and transfer. It is the outlet point of the watershed. Planning and optimal
utilization of runoff is one of the essential issues in watersheds. Therefore, knowing the natural capacity of
runoff production and simulating rainfall-runoff is very important. Artificial intelligence and the use of neural
network models are one of the methods for rainfall-runoff forecasting. An artificial neural network is a method
with the ability to learn, understand, master relationships, and resist errors. Today, artificial intelligence black-
box methods such as self-constructing and self-learning functions have a wide ability to model and predict
complex problems.

Materials and Methods

The purpose of this research is to evaluate the performance of the artificial neural network model for rainfall-
runoff simulation in the Saghez sub-basin in Kurdistan province. To carry out this research, 18-year (2001-2018)
data received daily from the Meteorological Organization and Saghez Regional Water and Hydrometry
Company have been used. In this study, two types of meteorological and hydrometric data were used. The
meteorological parameters used include precipitation, evaporation, average temperature, maximum and
minimum temperature, and the hydrometric parameter used in this research was only discharge. In the Saghez
basin, rainfall-runoff changes have always been considered one of the prominent hydrological indicators. Since
the Turpentine sub-basin is considered an open basin in terms of its nature, precipitation can be considered a
suitable alternative for investigating discharge in the study area of this research. As a result, precipitation is
selected as a potential input variable, and the adequacy of the remaining variables will be tested separately for
the neural network model. In this research, the meteorological parameters used include precipitation,
evaporation, average temperature, and maximum and minimum temperature, and the hydrometric parameter used
in this research was only discharge. Finally, to simulate rainfall-runoff using an artificial neural network model,
scenarios with different input variables were considered. To evaluate and validate the performance results of the
simulated model in different scenarios of this study, four statistical criteria of correlation coefficient (R), root
mean square error (RMSE), mean absolute error (MAE), and Nash-Sutcliffe index (NSE) were used.

Results and Discussion

Six investigated scenarios were randomly selected by combining different inputs. In the first scenario, the input
variable includes precipitation, and the output variable is discharge. In the second scenario, the input variables
include precipitation and evaporation, and the output variable is discharge. In the third scenario, the input
variables include precipitation and average temperature, and the output variable is discharge. In the fourth
scenario, the input variables include precipitation and flow variables with a one-day delay, and the output
variable is flow. In the fifth scenario, the input variables include precipitation, average temperature, maximum
and minimum temperature, and the output variable is discharge. In the sixth scenario, the input variables include
precipitation, evaporation, average temperature, maximum and minimum temperature, and the output variable is
discharge. In all six scenarios, the output variable is the flow rate. Also, in the modeling, 70% of the data for the
training section and 30% of the data for the test section were examined. According to the final results, the
performance of the artificial neural network model in scenario number four (input variables including rainfall
and discharge with a one-day delay) among the six developed scenarios, with correlation coefficient values of
0.92, mean squared error of 6.65, mean absolute error of 2.04 and the Nash-Sutcliffe index of 0.84 in the training
section with the values of 0.91, 5.34, 1.57, and respectively 0.82 selected as the best combination in the test
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section, and in terms of statistical performance indicators, the results of the Nash-Sutcliffe index values in the
training and test section were closer to one, which indicates a good match between the observed values and those
simulated. Also, the correlation coefficient specifies the amount of agreement and distribution of observational
data with the predicted results, which indicates that the error measurement indicators and data distribution in the
training and test sections are a favorable result for prediction. The amount of discharge in this scenario shows
that it has a much better performance than the rest of the scenarios. Also, in the fourth scenario, changes in the
time series of observed discharge values against the simulated values in the training and test phases were
investigated in the artificial neural network model. According to this figure, compared to the observed value, the
simulated flow rate had good accuracy and an acceptable error value.

Conclusion

The obtained results showed that for the sub-basin of Turpentine, the algorithm of the artificial neural network
model for simulating rainfall-runoff on a suitable daily scale has obtained suitable and acceptable results. So it
can be said that artificial neural network modeling has high accuracy and low error for the study area. Also,
artificial intelligence models can be used as a useful tool and a reliable approach for water resource managers.

Keywords: Artificial Intelligence, Discharge, Modeling, Water Resources Management.
Article Type: Research Article

Acknowledgement
We would like to express our sincere gratitude to the University of Malayer for the financial and logistical
support that significantly contributed to this research project.

Conflicts of interest
The authors of this article declared no conflict of interest regarding the authorship or publication of this article.

Data Availability Statement:
The datasets are available upon a reasonable request to the corresponding author.

Authors’ contribution

Saeed Azadi: Writing-original draft preparation, Manuscript editing, Visualization; Amin Toranjian:
Supervision, Conceptualization, methodology; Saman Mostafaei: Resources, Software, Formal analysis and
investigation.

*Corresponding Author, E-mail: a.toranjian@malayeru.ac.ir

Citation: Azadi, S., Toranjian, A., & Mostafaei, S. (2025). Rainfall-runoff simulation in Saqez sub-basin using artificial
neural network model. Water and Soil Management and Modeling, 5(3), 74-87.
doi: 10.22098/mmws.2025.16468.1535

Received: 31 December 2024., Received in revised form: 01 February 2025, Accepted: 15 April 2025., Published online: 23
September 2025.

Water and Soil Management and Modeling, Y ear 2025, Vol. 5, No. 3, pp. 74-87.
Publisher: University of Mohaghegh Ardabili © Author(s) BY NC




%%% S g T o oo g g oo

SIF

TYAY-YOET K9yl bl

EPan omas dSuw Jowo 31 00wl b 8w adga 5 40 Olilg - i yb 6 5Lwdnas
vdlﬂa.m L',LoL» ‘”Yutyu)., “J.:.nl ‘\‘531)‘] RVe

Ayl elsen diw e gy oKl ¢g5y9liS” Bl ol _wdins g pole 095 ¢(6 5S> &b gel il
Al Mo e Mo oSl «g5)5LiS 51N> (B g T wtige g pole 0,8 ¢lyslisl”
ul)al ‘)i)'ta ‘ﬁMn oKiiily ‘d})gw Buslihy (S 9 u] (swbo 9 ID}LC 09; s.\..:i)l L;wL.«J)K :\.o}a"uwlbr

oS

il 5 CUlyy g o b )bl (T plpl sl 350l sojon 53 (opgps Jiluwe (S CUlg) ) e il 000 5 Syteliy
S Bae .l Gllgy i)l syt g ie) 5l (SO (amas a8l sba Jae 1 odlaisl o (eoiuae (han Cuol (03b) Caedl gl Cllgy— 554
sboodls cingly cnl plsl pslainds cusl i adg> 25 53 SUlgym ()l ilwdnd (lp (Sovan (was &Sud Jho 3 Shos b))l g} o)
il S35 15 gy 3)90 5 4 (WASSITAY) Al VA (3lol 0093 )3 (23 9 e g Lo ¢yl Jolis it (sl g (puliln &,
ke glUas S5k (RMSE) s layjo (5:50ke o(R) (Stuad ey 53lol Jlxo Jloz 5 o5 5 csgnilios G Sl 2lial b o Jae 3)Shas
b pgw sl )3 3 9 ()L p9d gyl )3 Bl Jgl sorliw 3 (6399 (sl psiite 45 ploxil (NSE) Gl s a3l 9 (MAE)
Sstlin 5 5 4izaS g Lod dlaihy cSibko (slod (B iz sgalios 2 3B g) S L it 5 U3 e ez Sl 53 il slod
o Sl o D A8 a5 )3 (295 e (lgisds (23 g bagejlier (bS53 Bl oo Lod AineS g iy 9 (1Sl (slod g e () e
Lo 5l 9, o bolyon (3 5 iyl Jabs (3935 slopite o5 Jlaz ol )3 (Egime mae 45 (ooliiy Jio ol dagejlus (oales
L s Lbiaal Ui 3 +IAF CidSilum 5 asls o Y/oF gllas sllsd Soleo S/50 s lapyo pSils e /AY | Stsa oy oolio
odlawl 3y Lis ol aly Lis 393 3 osd Al dmwgs slaJde plo 4 Cand (g0 3,Slas yg0jl Lisu jd +JAY ¢ V/OV /YF /A polhe
5 Vb cono (gl 5 cuslio aliy; liie 53 Sllgy=(0)k (gilwand (i (Sovan (oon s Jie j (S plysa (Ssiae (as 4SS oo |l
255 )8 Ol glie oo Lzl )3 slezel b5 (63,505, 5 dude (5 )3 lsiear Ll e g 0351 Slillas dilais (gl o (slas

sEguan Lign ol mlie Cu e (gils e ¢ 03 18IS Wolg

g3 illie goi

a.toranjian@malayeru.ac.ir : SS9 xS Cany (W3l Jghums™

mas AS\wJ JAA )‘ oalaiwl l) ).Qm 4..05>)J) ) uug)—u::)b d)Ludw.w (\\c'\c) uLoLm sual.o.]a.«m 9 ‘uw] cuLDu): [Rve ) cd)l)] .alsw!
AV=YE (1) «SB 5 U oo g (g5l fdo . o gunn
doi: 10.22098/mmws.2025.16468.1535

AR /A VRR IS P+ P 28 FRAVA PR VR O TR S VA RVAN SR SU S PP T P R VAR AR R PR g

@ @ AY B VY doxtn F ojlous dd 0)90 NF+F Jlo 5B g/’dﬁgﬁ.lo} il o
@ OB S g © shodyl Basee oSl 1yl




AY U YE Olxio S E+ L Jlw Y 0lowd 0 2,98 /S 5 O Cu o g g3lwde 4y s [ o], Ko g 65131 vy

485 )5 e a0 3 WAl (S8 Ly, oS o
5215 oapy wnld il 4 65L Uhgy ol g
S ol )3 oy cnl g Conl olow dmx (Sla g dsgecnay s
s ji ) Slej sl pite Ml e g Cusl (b e Jo
.(Nourani and Komasi, 2013) 12>

ot o (53 B gy o2 e s 4Ss
sbagsbyy ojg sl cul ad plyy )3 Caoglio g Lasly) 0 lalus
5395 g s @l plyied (eguan Sign ol d>
W5l el Plae o 9 il e ) (g Cabll
as 4D (e )8 3)lse I (Slllas p5T sl Jlo
ool 48 &0 Ol utins g pole ) (S ghas

Oby> silwand & Dehghani et al. (2015) Jko jlgica
s 4l oalil Ly (LS 1sul oja> 50 4l
oS piegg Sy (a5 oas 44l 5 (g
lgiean oS ulidlsn ol lod 5 s o)k el |
2o 4 o Sy o) (3 Lol 1 g e el 539
50,8 ealawl WAA BAYAY sla Sl (b canl a Jas ]
S mas &b oS CBby plyice pagh nl S Bb
N U gl 5 JS (hdsS5 cugde @b b doks
Lsbo glea Ly (sgime (gas aSd Jho ) Cupnd
VF 5 daaaSns JUiI @ o )ls8 o= S pig) (o590] o5l
Sl e Ul gm0l 890 3 (e 4Y 53 (g,
032 s 1) ka3l 0je> 0 gm0k (gile e
Lol

ly Sblgy— 5, aol,3 Mirzania et al. (2021) « uiog}
5 (Syoae mas &S jlodliul b sl Sgo adg> )
Jobo 53 250l 1,3 adlllas 3)90 (ovas dSud=Sage 4y pun
o590l sy Cllgym oyl slaosls (VWA-=IYAA) (gLl 59
Ui ¢ Jde yo (gl 5 0 oolaiuwl b Jde | Srwwcors
Shoss Jio 93y mlo IS <l 50 030 )4 525l
aS ol L uls wuglgl bod I .l oyl 5,58 oo
—Ohl (ot 9 29 P (Seae (as &Sud ()
Lol Fewle Uy,

= <Ulgy G ie « Phuphong et al. (2013) ¢ iz mn
i3y L slaosls 395 )3 (egian owas 4SS 4
5 halis yolis Siued coys oS ob ol by b
9 1Y Sute PLaLST o] (olp O aw Sl
s YL 5 S5se sy VAY (S Slaypo (uSilio s
g gy 53 S8 Silgo oy oSl el 5
dod FIFY s Ol po 6 Sie jis o +/AF 5l 5 i
asly bl 1S g .l 039 O pdaw Sl ke

doddo -

259 e il (sla el 1 48 Oblgym bl a8
o SSidanin sl oy ek | S dpke b
Sy 4 byyo Siglg e ol (bl Jl g 40 slod
o At 4 o Jlaml 5 Ul Mg slasilp it 5
(Solgi et al., 2015) cuwl 50l 059>

5 Sl Cap (o o] oo S90S o el
Ll 938055y Gl 2525 b ol el (slasfayaoliyy
cleas g 98 53 Laclly) jl (ool w2 (58 Han 5 o
Cl (s Al 9y ol Gl 1 Gl J S pas
Jlasiol 3 pB (ituss base OUly) ol e 259l
Sl izl sl 3 29250 Junaily 5l oolitl g glie
(Zoratipour et al., 2009)

sl e Gl S QL) (385 (dpie #3108
o S pess ol aSul gly .l 0dgy puaasis
Eoio slabgy b o3amie (slaJie )l cawday 1y Ul ;|
s b Jse ol loj Jsbo 3 45 sl 00h atb S IS4,
Raoof et al. o, pl 5l .0lazsliS isles 4y 095 3l (glasd piy
LY o g el i 5 aligy ST ) 51(2024)
Silwdnd ) (639)9 olpisan EasyFit )l58lp 5 5l ool
Al Voo U g5 el clnoyd ely s 155,00
= Lodd (gilwand O yiSTis 0 g Widged odldiu]
&5t 5 .S )8 duglio 390 lunlie
iS5l 895 il b a8 3l L bl s GB1,Sg 00
bt s 91 bloigm G (S5 b b (0 51
a oS Sl g 0 M S o 23 () (sxe
Mirzaei et al. .cowl dLsj iS5l 5,90 5l )5t ilye
ol 1 03lal b G B1S'g 0 (jlwdnd 4, (2015)
B sy b ol xS0 b adg gile e
3y s byl eglie (lagSIl b odds (ilwdud (23 ow)yy
3952, SCS CUlgy 5,1 Jie L WMO )b (565!
s sl oolisin Jae flped (gldasd > Sl
odoomg balg) dgmg Jdday b Ol Joo)) sl oKuzs]
CUlom il Jeoss «ollyy 4 (53k ooy b )3 (Jad ué
Estaghmateshan and Normand, ) ¢l JSio b
(2015

(o dte e 3] il syt > 5] slaans
3le3,8 gy 3 )8 (o gan (hgm (sl by, «2llgm il
oh98r $3L2j d)lso 3 (ANN) ' e 5ims (ae (slaaSs

! Artificial Neural Networks



YA

.............. Fw adga 135 40 Ollg - i sb (g 5lwdamd

2p 4 ypaxdie saolly 5 b Shy 85 S » L
o gy ol cotdh plogl lalllas 15 e giune ouwas sladSecd
il Plae )3 todgw 5 Ul (oSg) (lpcar Wilgie
Lgh 485 JSa Ol wle piwww Oldlbae 5le  wlige
5 B39, (b cwle Sagty Cueal 4 g b alple
e it (jle e 1> Qllgy= oyl T8 (il
Omed (65503 3)lga g dalys b Lys 4 by, OF (39
aSed gy Sl Sosre b ik onl 0 Mo Sy
Silwdnd 9 839, (b Gupin 4 phl (sgias nas
Old S il )3 jhus ddgo 5 e > Cllgym By AT,
e slagy )l B 53 g awegl d2lyd slaase ;|
ool (639)9 yiie Clpiedr B)L oS A by
Al jsba siledl (slajusio coldS 5 d0d o il

A algs olojl s aSis Jae ¢l

o9, 9 3190 ¥

axlllas 390 adlaio -¥-)

oj9> Jl (S oS 0ad Fly lwd S Gl )3 i adge
Gblio g i liuyed Jold g ol dpog)l > o]
A58 De g 43,0 YO pwle dnlllas 590 dilaie .cuwl o L]
Y 9d 0 ¥0 g oldlis Job 3y ddBd VY g0 ¥V U
P eldlis bore Jlod 4By O g an YL aids
8l 232 9 050 g (SlangS (ol oS ) i adg
o glarl bl Jdods copined g o Coawsne slailne
s liue; o Jaize slalinsls sl YL U.:le)» B
L a4 cl dblio sj> b h59 a5 5l .l D jlows
b duu:’)'ﬁ PSR 9 PV ul_:)> OT PRICENAON-Y
ot ol ce 518l GLisl e g snls load
bl i ) ja sl o))l O 5 o ppog
oy VF/OA Ui 1&4»54.9 w 9 Cawl 00 6'9‘5 u])JI u).c »
adbio ol el Glapwds o (sLdlss Glusgnd .Cuwl

ol 0l 1Y Jod )0 doMs & jg0ay

oo J| i ) Libgi ol 5l edel cowsa gl
sl 0392 513)95 2 (Jg5 6

s Jse jl eolazwl b Kashani et al. (2016)  dwg} 5o
32l giloJre byl 4 uas 4Sb dladon Juo o 15
SUlgy 9 o)l glwoslsy sl QUlg =) (s et
ol Jlacs 5 @8ly 355 350l 09 5l 2liyg) V0 & by o
Sl Boligg; 100 Yo g 003 Ve iy 9 05 (6 yglcen
) 1,y Jae 3,8des oyl 055,S odlitl Jao Cans g 90
mas aSb Jae U calises 3 Sas jlixe iyl oolaiiwl b
pavde Lagl ls b 2038 dulie 4Y X gyt
e G (YL (UG (oas 4D adign Jio a5 0D
Ll 1) 59,90 sl 059> QUlyy (sl iyt 3 155 Jao
b Ji s slo el Gl o ot
Vb 2D Ul il (s e 4T3 (gl )3 15
Sass ialS s 5YL slaas e & Jdo a4 U g 30
sl sl ol press BB la yzel )y

Patel and Joshi et al. (2017) ( —iko} ;o cp—izpd
~ohl culpd iledde 4 (Sghas (uas 44l i ol
@l (o b Azshyy dim )3 (go)ls 55l oje 50 U,
Mg a2 ol > Cllgym )k culps loand sl
5 oyl Al YA claodls 5l o s Limgds 5o bl b o
Srgomwe mls 4 oliwd 4 e &5 Wdged edlael Ul
Gl 0 addllas () 5

aSub hey 93 wuS )5 5l eslawl b Chanklan et al. (2018)
Siledde 4 plasdy jp (pdle (g S )= (Sgias (as
S5 ohey S ol byl mls sl Cblsm bk
38ee iy Sy mble (igme )Sym (S ghan (oas i
4 S 0 (gl 9 (Sly Uy o anlie )3 e
il ot e Sy g Gty by oeile slab,
2 A 30 S S o5 3 o] 5o gl ol ke
Couo jlaad bl Jad 3 Sy zol plie ngte
sl )l3)95 32 (Vb 3 Sl

o anllle 3,90 dilaio walSl g 4S9 325 (Sl b Sluogad —) Joso

Table 1. Hydrological characteristics of the Sub basin, and climate of the studied area of Saqqez

Variable Value
Area (km?) 453
Circumference (km) 120
Gravilius coefficient 1.59
Elongation coefficient 0.80
)%Average basin slope ( 14.58
Main waterway slope (km) 79.20
Amberge coefficient 117.63
Regional climate type based on Amberge Cold semi-arid climate
Regional prevailing wind direction Southwest



AV U VE Olxiuo Y€+ € Jlw oF 2 lowd 0 0,90 /S 5 LT Cu e 9 (lwdie g i [ o, Se2 g (311 va

Annual prevailing wind speed (m/s) 5.20
45°40"0"E 46°0'0"E 46°20'0"E 46°40'0"E
[0 Saqgezcity
© Hydrometric station
Lo nn
O  Weather station SG200°N
F36°0'0"N
it 135°40'0"N
I Km =

axdllao 5 yg0 Adlie (oLl e Condge —) JSUS
Figure 1. Geographical location of the study area

=oby Jbo K eann auac 4SS (and Azadi, 2017
Iy olgsds o e claa 15 4 Sl o aS ol las
2 Slaigd 5 Laidg)g iz 5 03,5 ($ilwdnd
[(Parsaie et al., 2019) sjlw s po vb 4 |y piuuw

>hb £955 53 pAB G pSiere 9 gl 4SS gy Sl
Ol 4Y oy (298 S a929)9 S h (Jgeme 4
(Lietal., 2021) cul

U]' = Z mjixi + b] (\)
i=1
yi= (P(Uj) (Y)

Mo X (gl (g e Wi (98 il ]l ik v)
2o aY Gep Vi Ol 4Y o bias ke by (639
4 > (Eguan guas &b (hjgel sl (53lo b b @
(V) w2929 sbigel s JyS (1) gdse plol alo yo
Li et) ()jg waai (V) 5 dbgeyo sllad 30000 Ll 5 dguwloce

(al., 2021
szl gl cono (s g Laedls (gyglesz 5l ey
il dse polaiods (eguan (opas 4w il (sla)ldLu
NeuroSolutions l38ls 5,5 38w ade> 5 ;> Gllgy— 4L
Silwdloy ChB jl 358 )l5-8lp .85 &9 (Ver.5)

3W 3 90 glaodl> -Y-Y

(WA-=IYAY) dlw YA asslje,y (slmodls jl aslllas ol 4o
Oleslw jla S olel 8 oS ) (509 )it g (—wolidlgn
0l 3] liwd S il gladlate Of eS8 ys g woliilgn
04 03laiwl (g yog)hud o (wlidlar (gl yiol,b b oolaiuwl
5 Aty Lod (uSln i )y ol gy ol
(Y Jgaz) ol ailig) oo 5 bawgie (23 5 Lod alya

Shaalin godld g lof aods -F Joua

Table 2. Statistical summary of the observational data

Statistical parameters (daily)

Parameters used Aver Maxi Mini Standard
age mum mum Deviation
Rainfall (mm) 1.40 81.00 0.00 4.70
Discharge (m?/s) 8.50 243.00 0.00 15.40
Evaporation (mm)  6.20 22.40 0.00 3.50
Average 1330 3470 130 420
temperature (°C)
Maximum 1890 4030  -8.10 11.70
temperature (°C)
Minimum 560 3390  -20.40 8.60

temperature (°C)
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Table 3. Results of the statistical indicators for scenario 1

Evaluation criteria Stage Calculated values
R Training 0.29
Testing 0.35
Training 15.73
RMSE Testing 11.82
NSE Training 0.09

s -(Aksoy and Haralick, 2001) cool jls,e5 55 ool
05lo Bl doyd Yo g aSis hjgmel (gly Waodls s> Ve
A S L > Jhe e yliae] polaieds 4 g3l (sl
s, Yoliw b egiims ac aSd otz oS5
Ssline (sl g b duglie JSo0SH b wglise (sl yg
Sl ilose (it b (Sghas (nas aSud b bj))
)'| Y D Ay LSI-“’Q9)5 sl 9 LY ol O )‘l o
Solore (gl (e (65500 sl oSl o Jsl wly
Gl ) S oliw s bl e s eolaiwl 4
3B ogoil 2)5m0 51,55 oluss iy el g glite
ro)liiel g oty Cone il @l gl slaodls
sla ol )b cowl 155 an p3Y s eolaiwl (ool Je
Gl oad iy Syl & 4295 b (2955 9 52909

AW

oo Iyl glagy \bw (B2 -Y-£
aSd g jlelaiwl Ly g Gllgy= 0yl (silwand Baa s
il (63955 Glo i L oyl (i 5l ¢ o gian gas
e pLS gl odlatl Jae 3y Shes oLyl cu
Jol ganyliw 3 (£39)9 yusiio .Caunl Cuwlio (53959 (sl siol,b
Sl ) sl 039y g 4ByL pgd oyl 13 5 L)L
Sl 53 5 «Slae slod 9 ()1 (639)9 Sl e pous
23 el 0361 335 59y Sy (3 pite 5 ol Jold p
(elee slod ()l Jold (639)9 (sl e ooty (552 ke
Sl o il (o5l )0 Ll g diueS g Lod al iy
035 digaS g dipdiy (SLod (e lee (slod (50 (D)L (69959
= pelly 0l S5 (go )l S 5D (298 ke ol
4 e pasule jg, Sy 4D (63959 9 039 ljg, bawgie
)5 Sype oIl Gillas gilodnd 5 0ad ol Blie (29,5

Ll

Jo (S yliel -Y-0
01d (gjludnd Jio @l (rwliel g 2loj)l e
(RMSE) "Uss &lnypo (55lse ) (sylal slopadls
5 (R) " Sised b (MAE) "5 Sse 3-lbe (sl

Casl ob 85 L5 5> (NSE) "adSGlum 5 o

! Root Mean Square Error
2 Mean Absolute Error

3 Correlation Coefficient

4 Nash-Sutcliffe Efficiency



AY U YE Olxio S E+ L Jlw Y 0lowd 0 2,98 /S 5 O Cu o g g3lwde 4y s [ o], Ko g 65131 M

5 Shalis polde 4 cul cusdly opl samslis S5 oyl
dl_bb )‘J;dp 9 pf Cono )] J9‘ 9))[».»») JENPR] [ W) d)lww
il (23 (Sloj (6w Olsss guld g 0392 51,55 1 (3L

Syl laalie yolie b tws biws @llas ol

Testing 0.10
Training 9.97
MAE Testing 8.54

9 u,o)g_.oi d_l>).o 2 045 d)‘._ww ):J‘.mo ):I).) » u)l.).mL.wo

Cawl 045 031> ul.m: ) 99.)1.2..» 5 u?‘)]

300
——— Observed
250 A Testing
(O Training
2 200
Ly
£
o
2 150
=
=
2
2 100
50

R - — - — - —— —— . ._ —— o me a4 o

0 1000 2000

4000 5000 6000

Time (day)

Y 925t 39031 9 (595900 Al po 45 ouwd (g3 wdmmd p 3o gl )3 Tludlive (25 wdlle (Gilo} (g ol pundi — JSUWS
Figure 2. Changes in the time series of the observed discharge values against the simulated values in the stages of training and testing

scenario 1
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Table 4. Results of the statistical indicators for scenario 2

Evaluation criteria Stage Calculated values

R Training 0.40
Testing 0.45
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Figure 3. Changes in the time series of the observed discharge values against the simulated values in the stages of training and testing

scenario 2
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Table 5. Results of the statistical indicators for scenario 3

Evaluation criteria Stage Calculated values
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Figure 4. Changes in the time series of the observed discharge values against the simulated values in the stages of training and testing
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scenario 3

Testing 5.34
Training 0.84
NSE Testing 0.82
Training 2.04
MAE Testing 1.57
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Table 6. Results of the statistical indicators for scenario 4

Evaluation criteria Stage Calculated values
R Training 0.92
Testing 0.91
RMSE Training 6.65
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Figure S. Changes in the time series of the observed discharge values against the simulated values in the stages of training and testing

scenario 4
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Table 7. Results of the statistical indicators for scenario 5
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Figure 6. Changes in the time series of the observed discharge values against the simulated values in the stages of training and testing

R Training 0.52
Testing 0.53

Training 14.09

RMSE Testing 10.80
Training 0.27
NSE Testing 0.25
Training 7.93
MAE Testing 6.33
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Table 8. Results of the statistical indicators for scenario 6

Evaluation criteria Stage Calculated values
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Figure 7. Changes in the time series of the observed discharge values against the simulated values in the stages of training and testing
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