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Principal component analysis, Sarzab watershed, Bayesian linear regression,
artificial neural network  Flooding is one of the unfortunate events in nature,
which, if not predicted in time, can cause severe financial and life damages.
Therefore, estimating flood peak discharge is a crucial issue in hydrological
studies today. However, research on the use of remote sensing tools for
predicting, modeling, and managing floods in most of the country's watersheds
has received less attention. This research aims to determine the factors affecting
the flood flow discharge of the Sarbaz watershed and also evaluate the role of]
artificial intelligence methods, including the artificial neural network (ANN)
model, to predict the flood flow of this watershed. In this research, rainfall data,
soil moisture and temperature, evapotranspiration, base water flow, and
Enhanced Vegetation Index (EVI) from the Google Earth Engine system, as
well as observational data of flood event discharges of the studied area from
1380-1401, were used. Principal component analysis was then used to determine
the factors affecting flood discharge. These factors were modeled using
Bayesian linear regression to implement the artificial neural network models.
Finally, artificial neural network modeling was performed for flood flow
analysis. The results showed that the total rainfall of the current day and the
previous day, soil moisture at a depth of 0 to 10 cm of the previous day, and soil
temperature of the previous day were selected as the most appropriate input
patterns for modeling. The artificial neural network designed had an efficiency
factor of 0.90, a determination coefficient (R?) of 0.89, and a root mean square
error (RMSE) of 50.37 for the training stage. For the validation stage, it had an
efficiency factor of 0.76, an R? of 0.83, and an RMSE of 46.86, demonstrating
a good ability to estimate peak flood discharge. The results indicated that the
calibrated model for predicting flood flow using remote sensing data is practical
and has acceptable accuracy. Therefore, it can be an efficient tool to help
managers predict floods on time and reduce the resulting damages.
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EXTENDED ABSTRACT

Introduction: Floods are one of the most widespread environmental events that occur worldwide, causing
significant damage to natural resources and human societies. Today, implementing measures to manage floods
and minimize flood-related damage is imperative. Therefore, the use of flow forecasting systems to create flood
warning systems based on modeling, along with the use of remote sensing techniques and data, is essential to
reduce costs and enhance accuracy. In this regard, artificial neural networks are used to model flood flow.
Additionally, given the importance of speed and ease of operation in the use of artificial neural networks for flood
forecasting and warning systems, combining remote sensing data from Google Earth Engine with the capabilities
of neural network models can enable effective flood forecasting and warning in different areas. Based on this, this
research aims to determine the amount of daily discharge using data analysis obtained from the Google Earth
Engine (GEE) system and modeling by artificial neural networks to predict flood events affected by these floods.
Methodology: In this research, data of rainfall, soil moisture and temperature, evapotranspiration, base flow, and
the enhanced vegetation index (EVI) were analyzed in the Google Earth Engine system, along with observational
data of flood events in the Sarbaz watershed from 2001 to 2023. Principal component analysis (PCA) was used to
determine the factors that significantly impact flood discharge. These factors were then modeled using Bayesian
linear regression to implement artificial neural network models. In the final stage, principal component analysis
was used to determine the factors affecting flood discharge. This analysis was conducted in the R software
environment. The identified factors were then modeled using Bayesian linear regression in the JASP V0.16.3.0
software environment to implement artificial neural network models. In this research, modeling was performed
using an artificial neural network in the MATLAB R2018b software environment. 80% of the data were selected
for training, and the remaining 20% for the testing phase. To implement the most optimal structure of the artificial
neural network, log-sigmoid and tangent-sigmoid transfer functions were used with the Levenberg-Marquardt
training algorithm, utilizing a back-propagation network with a feed-forward architecture. In the artificial neural
network model, trial and error was used to determine the appropriate number of hidden layers and neurons. This
process continued until no improvement was observed in the R? and RMSE values. Finally, to select the ideal
artificial neural network model, the statistical criteria of root mean square error (RMSE), determination coefficient (R?),
and Nash-Sutcliffe coefficient were used.

Results and Discussion: The results of the PCA showed that precipitation, soil moisture at a depth of 0 cm to 10
cm, soil temperature, evapotranspiration, and the vegetation index (EVI) play important roles in predicting flood
discharge in the study area. Using these factors and Bayesian linear regression, the input patterns for the artificial
neural network were determined. Four models with different input patterns were used in this research. Model 1
included only the precipitation factor, Model 2 included precipitation and soil moisture at a depth of 0 to 10 cm,
Model 3 included precipitation and the vegetation index (EVI), and Model 4 included precipitation, soil moisture
at a depth of 0 to 10 cm, and soil temperature. The artificial neural network results indicated that the most suitable
input patterns were the total rainfall on the current and previous days, soil moisture at a depth of 0 cm to 10 cm
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from the previous day, and soil temperature from the previous day. The designed artificial neural network
effectively estimated peak flood discharge, achieving a Nash-Sutcliffe coefficient of 0.90, an R2 of 0.89, and an
RMSE of 50.37 for the training phase. For the validation stage, it showed a Nash-Sutcliffe of 0.76, an R2 of 0.83,
and an RMSE of 86.46.

Conclusion: The results of this research showed that using the data of rainfall, surface soil moisture and soil
temperature, with Nash-Sutcliffe of 0.90 and a R? of 0.89 and a RMSE of 50.37 for the training stage and Nash-
Sutcliffe of 0.76 and the R?of 0.83 and the RMSE of 86.46 for the validation stage can estimate the flood discharge
with acceptable accuracy. Thus, integrating artificial intelligence data with remote sensing from the Google Earth
Engine system has significant potential, offering sufficient accuracy and low cost in determining flood discharge.
This approach can be an efficient tool to help managers in timely flood forecasting, reducing flood damages, and
improving flood management. Finally, it is suggested to examine other factors influencing floods and explore
other artificial intelligence methods to enhance flood discharge prediction.
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1. Bayesian linear regression
2 Artificial Neural Networks


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.4.6.5
http://jircsa.ir/article-1-558-en.html

[ Downloaded from jircsair on 2026-01-02 ]

[ DOR: 20.1001.1.24235970.1403.12.4.6.5 ]

(VFF OY sls F o)) 31k ST ok glrdilolw e

wlse b))l
& ot Sl N e lolid 5 (Sgias (as 4D 0ad Ll la Jae (L anlie 5 (2Ll pslaieds (BT ]
MBS loabaly 3 alSlom (5 o b 5 sl oy dbsd Slaypo (ko ya (glol (sl lno 1 adllas 390 dilaio ) oM
1wl ol odlasiwl
. o s -5 | #)
i-1(Qi —Q)(S; — S)

| e 02 [T s

R?

n _ (v)
RMSE = \/Zziﬂ(oi -
1(Q: — 5:)? (A)

n 0)2
i-1(Qi — Q)
Snsad 03 g i slodl g Slialiie (glaodly (a8 cul ol oaimd s il FS055 6 Cow 4 R? liio d> p»

NSE =1 —

ool 1 2o plo b duwslio 3 Jse o oS (sl osimd 5Lis il S b Jao ol & bgspe RMSE laie 4> y» g 03¢ 45 (¢ 5V
Jde Cans o8 oo L5 bl 505 yhuo dy Hlaie ol do s aS 395 0 48,5 a5 3V U yao oy NSE polie clallae
9 ObSU ) a0 g iy Jde 98 (28 0aimd s bl 035 G G 0 o ol dp g el oS g
CrSole o LS cus iy § 9 Q csliuwlxe g (closnlio oM (o3 sximdLii cuipar S; 9Q; Ly, cpl 0 VF-Y o), Ken

ol Wodly sl 11 g (glamols g (slodaline (oMw (22

Cou g U

9 3y Juad sl iyl 4 plgie |y o] cde a8 cul 03y &y ()982 53l5) Jlo 30 sloole ;> M doyd YF 3 ol mls
O @l b sl cpl a8 0ls o )y olpem 4y 1) il cl )3 SV A5 ()l 5 had slaailisg, b o gl la )b
b Lol o a8 canl o3y &y (cangST-cVon) Jlo p,5 slrole ;5 pb e o) YY uined ool guon (VWAY) o Ko 4
(dbay JSs) cuwl (Gassabi et al., 2023) ailiwol owge (sla il

[
g
N
[
=]

g

a % b % c 2 | d
B 312 4 K
- 2 2 300 EW
I 3 9, @
3 10 T 5 %
is i 3a I 7™ [ 7’
£ I ¥, %
0*,‘;’_.‘:,"'.';‘5"'55_;,;“5'!* E o TEET !:!“.1>Lr £ 0*""_"'-'-'.'- """"" E BBHERRAES -
C L = P o = & o = S50 CoLLocsman 5t
5855585323838 585255325838 585255325838 5855853238838
24 45 524 0.06
e 3 Bualt 3
218 D18 .
3 5 30 ,1 3 0.04
o 3 4 R
712 A, _;1.2 %
=15 ; 0.02
i || M | Wz || ||| K ||
O,I‘I-‘II,‘ I [[Fe )} ‘-I!f E o HRAN. | l““l‘l‘li L] 5 olal 7“I LN % o
® O S > P S O WO = S O o O > S & @ S
P &SP F PP P P P & PP S &
S S S S U S PSS [ S S S S S DT AT AT AT AT D
4,30 4 L
3 3 ; 3
30 %32 %0
5 &24 3
3 9 20
9]10 316 2
: | el L 2l | = 00 | 18
~§ Q-+ HERAR_RERRAERESE et S 0 lI “““ l‘llv‘ " - o+
= 0 ¢ & 0 v* >
SHE 0° 6” & > & S o"/ 6‘/ & 6” o°° <>°b‘ 0% o\ o\ 0'” 0'”“

0 0 S
;.\S)‘g aYlw 9 (d) J&L\a «® ‘(C) ’S‘» «® ‘(b) j..\a)l.j alalo ul}Mm uﬂ&l&a ‘(e 9 a) J:.w &Us Yl 9 alalo @‘5‘)3 -y J&w
() S slos )l ey i) S b dh) (AU (Sining a3 (2) 5555 9 s dlf)

Figure 2- Monthly and annual frequency of flood events (a and e), average monthly rainfall changes (b), maximum

discharge (c), minimum discharge (d) and annual rainfall (f), evaporation and transpiration (g), vegetation index (h)),
soil moisture (i), base current (j), soil temperature (k)
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Table 3- Summary of posterior coefficients of Bayesian regression

Jleis!
J o Jozs!
il - , g P O Jl Osde . T
PA ) pis
S s S s
S i
9.480 80.710 1.000 0.000 1.000 0.000 1.000 (Intercept) lawe 3l (o,
1.851 19.604 6.472x10'2 1.549x10°13 1.000 0.500 0.500 Prec.
2.104 1.242 0.491 0.671 0.329 0.500 0.500 SM1
0.258 -0.004 0.105 0.905 0.095 0.500 0.500 SM2
1.114 0.453 0.259 0.794 0.206 0.500 0.500 ST
8.279 1.916 0.145 0.874 0.126 0.500 0.500 ET
0.006 0.001 0.129 0.886 0.114 0.500 0.500 BGR
14.796 12.155 0.326 0.754 0.246 0.500 0.500 EVI

3F otz o 15 sulio BFI0' oy 31 odlisal b g Jao st b Un Joo smy Jleis) 55 iy ol 9 csslosS o
Wbl 15y oM (23 iy 6y 2,des by Jhe plu 4 ans Jol e Hloz 4 3l Ui oSl y0 55 BF10 55 aulio
45 €S g 3 e I S & sl 09931 1t Ty e ol (e 50 Sl o) (s & ol (5,556 B
b i pgw 9 pgd slaie ol )3 bo (AlBl Juo e lyiedr VAIVA 5B b e ol (il ()1 ity L)
2 S Cagoy 5 ST slod slo it (05 BN pile Jio 5 ok 4 B iy ke 5 g s 2 ST oy o8 L
Ao o inlidl jae Jae b dunlie 0 V4740 gWV/OR AA -0 (sla S L 1) (609)5 (slasSl s )l il )b &y Jol s

YI¥ 5 YIV OIY iy wlgiee ol Jae sl 03 polaz 5 poes ep9d slaue o am3 g L5 (R?) (sl oy sl S gloey
(23 oS (e gy Hbar ()b &5 38 il plgie g5 cnl E9dge cnl jlbles Gniia Ty dew (@ Ol St 2o
(omas 45b slacedgyg 4 (LS Lidg g Jgl aw > SB Casb) (S ld gzer (6503 Jelge (3,5 BLSI Ll ad e
2l Sl wn (G. Cruz et al,, 2018, Jahangir et al., 2019) zuls b gadge opl 45 30 (oMaw (03 (s iy dguty el Lilo5 o

1- Bayes Factor of 10


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.4.6.5
http://jircsa.ir/article-1-558-en.html

[ Downloaded from jircsair on 2026-01-02 ]

[ DOR: 20.1001.1.24235970.1403.12.4.6.5 ]

(VFF OY als F o)) 31k ST ok glrdilolw ht3

Ao Jaa b cnjm (S (g 55 B0 dmlio £ Jgur
Table 4- Comparison of Bayesian regression models against null model

. !

cape colis sl s o Jlel N

s oaiS o O 0551 Jo oy e S
pd Y P(Midata)) O

R)  (BFu) PG
0000 1000  O47<100 1496x10T g 45s (Null model) * jor Jus ]
0.633 1964x1076 39779 0420  0.018 Prec. 1
0.650 1370x1076  18.051 0.098  0.006 SMI + Prec. 2
0.650 1338x1076 17592 0.095  0.006 EVI + Prec. 3
0.669 1496106 19050 0064  0.004 ST + SMI + Prec. 4
0.638 3.831x1075  4.685 0027 0.006 ET + Prec. 5
0.659 4.727%10"5 5752 0020 0.004 EVI+ SMI + Prec. 6
0.635 2.754x10'5 3341 0020 0.006 ST + Prec. 7

ol e §) 558 o (6345 e & sl Jse (null model) yao Jao™*

(SEPan (aE dSas SoS 1 (Mo 2By (25 S
)5 ) (Eguan (onas a8l odlitel b (oM ©By (23 (silodie sl ad Jol (nje g )S) by & dine 5N ke
rae b 1Bl o s sl sl s Sl ppgesl (sl ele Bl ao )3 Ve g hjgel (sl lmodls dops Ae (Y Jgan) 3
Soboe o Ll g &bl o3litl b 158 5lo =S i) (Bi90] o o0 b wgeis OIS g AdgaSis SV JUil g 5l o giae
s ookl las g cyg03l 5l g ol 5 leds (slaaY Cunlio 3l s (¢l ¢ S giunn mas &b Jho ,d . odltul jgSuin
5 odalie RMSE g R? jdlie )3 (3940 45 3905 I aold] Sloj b %59, o)

(R?) 5 a0 RMSE) s Slasjo (56K5ko ylr (sl olof olislys o501 it 9550 @l b (6399 (slogSl (2 5l
ohigel @l (Nl @l b s aallland, 9o 5l 05> 3 (Mo @By (23 st sl (NSE) ciedSilo — (25 ()8 o
(%) Josz 3 gl 1,8 auslio 1y NSE g R2 RMSE (cloo,lol olyon 0 coime mmas a5us (gilo oo 13 cuS 5 oy yia
095 % 5 &Y Y 3l b &l lom S pig) sl b g geSien o) JES! &l b pylee g5 45 o Lt gl sl o )
lgicas yg0il al> o ;> NSE=+/Yd g RMSE= AS/¥0 R?= +/AY L g bj90] al> o ;5 NSE=+/2 g RMSE=-/¥ R>= -/A L
&b 5 35S oy JUSl @l b pow o5 (izen ol adllaesyge ddlato )3 (Mew @By (23 oM i w8 (n e
VE VY R2= /¥ g bjgel al> po > NSE=+/VY g RMSE= VA/¥2 R2= /oA L 9,5 ¥ g Y ¥ olasi b &lS Lo =5 gl 5590
(0 Joan) cosls oSl olos oy p3 1y (1) o508 (y905] als po 3 NSE=+/0Y s RMSE=

2l ot Slhalie sy o (odie b p)lea o5 Sluwbre lag s (oxie Bl conl pasuiie (F) JS5 )3 o5 psbolon
iS5l 0)gd b (Mo sla 2> (o35 53 5k 2P Bl plo 4 Cus p)lo oS & a3 0o (Lt JS8 (]l agS]l
By 3 ogadar ol CulS il o9 b (e sl 3 250 5> S ol &y s (Jgl (55T ko 5 sl Azl |y YL
395 5 sy ) ol o33l 3l Jlo g o)9d y3 4 By 4 Cans Klodgs 9,9, JSid b a8 oo Lo o5l 3 &S
oM g8y i 9119y Jloyi b & (ABlge ) adlllasdygo dilais ) &5 ALl dge Nl oe Edge (ul &5 Wmd e (i3
slie (2 (Bl ol I By (sl oS D9 o0 odnliio g (5981 55 ABL dly (St ()L 1 e 6500 Slelss 4 Mg e
basgs (@M (23 251 )3 Jao o5 sllas 51 L5 g 091 a0y pol ol (S8 B & ol 03505 haaistin 1) s 31 S
ol 53 65 93 & i 1) 63V (e 5 93 2 2yl 9 9> 5951 453,57 o) L3l WL izen (¥ JS8) sl 0392 51
¥ U)o L g 655U & o (Mo b2 (23 G 2 ) VL €8 ST slod e jean e p)le Ul a0l
(Jl daw 3) S sk (B jg 959 Olad (S3,k ggeome 4 g p2 53 (23 &5 3 (Ui (egtan (s 4Sud @lo (B Jgio
Sl (S JiB jay 30 S glod 9 LS 59,


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.4.6.5
http://jircsa.ir/article-1-558-en.html

[ Downloaded from jircsair on 2026-01-02 ]

[ DOR: 20.1001.1.24235970.1403.12.4.6.5 ]

e PV 1 PRI W [PV, TV E N FRESppe g

52959 55N )k b (S ghas (mas dud SoS & (gilwde i -0 Jgso
Table 5- Modeling results using artificial neural network with four input patterns
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Figure 4- Comparison of the four modeled patterns or models and observational data of flood events in the studied area
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Figure 5- The distribution diagram of the best input pattern in the test period using the artificial neural network model,
pattern 1 (a), pattern 2 (b), pattern 3 (c) and pattern 4 (d) (the confidence interval is marked with blue color)

150 300 450 600

800

M3sh slosles o
IS
o
S

)
0 75 150225300375

(m35'1)s';mu;.c )

0’ b
0
M3 Doy o i (20

y=1.5x-25
| R2=.74
RMSE = 105.20 (m3s-1).¢

b

M3 Doy o i (20

150 300 450 600

Mo 4 (s (23 (i Sike e Cul asle pilez (oS 3 (igeil 0)93 3 (gl el STy Jlaged > oS pebolen
3 ol asutio oS d ol Lol o))y g yia0 (o) g (d BJSE) Conl 505 20yd A0 ylisebsl aliold )5 Slanlie 03 i iw opSolbe


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.4.6.5
http://jircsa.ir/article-1-558-en.html

[ Downloaded from jircsair on 2026-01-02 ]

[ DOR: 20.1001.1.24235970.1403.12.4.6.5 ]

v PV 1 PRI W [PV, TV E N FRESppe g

Ole Hlde ol cgles 5l colSs aS (g b @ d ) Kyl JiiSly (gho A0 lieb] dlols izl s blE 5k oS e
@IS pg 5 Jgl slagS L duslio 3 pod g pylea sagSlo)ls oad (bilp Jae p Slmliie (pSSlo (23 5| (2w (23 00 (i
985> i3 o 4 jobo lod 3D s A5l Ko yio YO 51 5VL (sla 05 50 oSl ol i ;b3 s 1y g0 (ol (ol oo o5l (s yia
Py S5 > (RS by jea a5 )l g Jlanl cnl (WAY 655 (489)) 2900 Sy (23 9 Ol L2 el (LS iy
wuiﬁidl)gI)Jchco,iJJ.?ch)’ﬂ,m),}'Uﬂwlwléwwwys)jlob&wlw.(b Jﬁﬁs)MLgobbu&lfl)J Lg"l)lf
WgeSuw Pl sl wb e ed )b Jledea (Sakiri et al., 2018) zuls b doe () 30 0 JI)8 (swyp 3y90 loj 2 3 (20
¥ e (o) Kad g o)ldg)) x5 ol oyl pogde 3)ls cilae (WAF (lads) ks b a8 wwudly by (09 35510 3 1) ol o e
go8y Jlainl )3 jush d56S b dm Cawl by (23 008 G io Jelse | Sadbls sie ()L &S s Gl (VY Kol g (gl

SRS 36 e @l Sl e 51

(5 325 oS
Jolie oM Sluogas () yolaiods (S5glg)nn Gsiald sl Jis sln (e5imae (isn (g Gl be) oo e 0jg 0l
Shbud Jl xS oke lp Je slain sladilobn )3 13556 5 wre sladdlge S (o (D Ol i om (2 Cl 0
Slolw gloodly jlodlaiwl b by aldgy by (00 (g9 0 5350 Jloin] (sboaddge (glaosls linl Baiod oyl po ol Jlois]
day A po )3l ololid by (99 3 18,80 o Jole bl adlge oo I ookl b yusw .4 gl 5wl Google Earth Engine
Slr s ot Caled 3 9 038 S (Span (amas 4SS 4 (639)9 GagNl Cjgmoh Jelse cnl (e (oS (S SeSTL
W dl.w‘u» NSE 9 RMSE R? )Lu.o Ao Ko LY (ANN) P e dSuw; )l odlieol L deu LS“R’@') 6""’&‘”

OuS upd g A OhIS oy b SB glod g S ordaw Cugly ( S5 (glaodly jl el b a8 ol s guisd oyl s
OSSlo ) 5 AT e g5 9 IVF Sl 85 S s g B0l by gl 00TV S Slayjo (i Sike sy 5 < /AR
Pyde (Fouas (hen b de g )93 5l oxi

Caabad pae b ol 2ol Lol canl 03l )L 363 51w bya oy, dn i 3 095 3)Shes oian pac &S Jdo 4> 3]
Cowlwe 9 LQJ»_‘.«: Y L;l_»a.‘i ‘GM“—“’ 6’199 tﬁh’g_;") .)Ls) usLo.: dodly u»L.o.n 4 ulyun |) w.ala.% pls u.:l Ll 4>|9o d)b)
2 355 ol Db oo Mg c oMo (23 i O Cuslad pae Il gl oplply ol Curus o8l Ol s @ dalate | S56)6ST
S5 8 O3l 9 (ean 290 O @l 9 ST Wi Coglite adlllae 390 ilain b (Sjglsyh 9 oulil sl Sy sl jl &S bl
Gy Lodly 5, Silie 51 gt ol o aSTo ] 5ol 45 JLaine i | laodly (g5l wlide sy ()i oo anbad pae cpl LidlS (cly ogMeay
Cq O b odlatwl ad g pl sddes p 20 (glaodld 5l guli des (6l U 29 oo Dl Cuwl 00 odliiwl ddgs IS
bl @l awlio 5 (oo ol (29 (059 pghaions (Sgime (o9 cngh Sl e 5 ooy b Jloolistl ecgjlw Jae 5 138
Ol e o (35 (load & g b 2950 Slpindyy 03 o)Ll (ol & Y 3 o8 IS )30 Jalse ol (oo g 12l g
Sl ST s y3 395 o dlpsiiy A salgs ol gy gls dbj el 4 9 30 pbsl oi Jad e 3 1) (g5l Jio
@y (b abaly o SB ol g (aS Jids SUL g Slojen g (i) ol il wile) Sl Jelge g b JLuS s
b azlge o dilaie (Salol S5 (gl st Dlais cLiSal) S5 oo lodleintiy ol plol ol ool 1 255 )8 (s 3590 (2
Boots ot Gl e 4 o) (63l o WL )l Bl e 38 pl @l < e ol 0 Bl Sl S bl
28 B (s 330 o ke (gladilolis 2l )3 Wliee o] s 5 A8k o 5l AL Sllus (el g Ml

M ol

cd,S anlgd )18 Lad] s Jgtue sdiuss b asle )b 5l imgl cpl ) osd eolil gl o eals tad]d 4y ow pawd

sl 05 bl BAYY /Y o 05y g )] i S Aol 51 oty B 55 dgtio pusgd b oSl o glas b s ol 2 o Lo
loinly g (Baame tallie 4yl s (55 (g lell )l sl s ol slopspie 1 slepee 1B i 5 Ll

@ JyS lie cajl g plalng el (Sl Lo ple tmls Jyus @lie il 5 Gl
)5 g ol s g cllee il g (35S (ogad 3 (blie SlaT digS 7 45 K5 e pMel Allis ol B st g 1y E dn o7 28l LT


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.4.6.5
http://jircsa.ir/article-1-558-en.html

[ Downloaded from jircsair on 2026-01-02 ]

[ DOR: 20.1001.1.24235970.1403.12.4.6.5 ]

(VFF OY als F o)) 31k ST ok glrdilolw A

Soled G55 ol gl )0 a8 dgudie (wsd )8 oKl Canyjlas g (b milie 2080l S a8 5l cdllie oyl B ain g G;‘)fu“‘-:w’
Al 1y Glsya8 g Sy JleS wledges

&b

5 oalizal b ailsag, by b 5 ailigy (23 g5 il awyp (VF)) IS (ol g ¢ ditasmo ¢ Sl ypiod cagla gl )
doi:  MAYSVSY  (SANY.  cdewsi 5 Lty (oS pSul Bies toyge ddllae) wiedgn  (slag,eSl
10.22111/gdij10.22111.2022.7007

il s Jae jloslil b ailale (5)k (gjledite 3 1S 536 gl piell gy (Vo)) gt s el 5 oS el (el Y
https://idj.iaid.ir/article_155373.html YAA-A-Y (¥) V& ¢l pl Ko g (oilofe Sloj 6y 055 p (iao Jiaign

ol 3 Sl (5l oin glaalibs 3 )Slas 3500 (MAR) o el ) Sl 5 priol bse oyl el Y
doi:  YYVO-YYAY () OV sl SB oy o clidw Sk cull ) ol ey b olpl cilitee
10.22059/ijswr.2020.302208.668602

W lbliis (ol by 3ol adg> 53 OMw (ghded Julos (WYAF) ool cungdlin g ¢ Jolop ¢ Sbmle (pmmo ¢ yioyl ¥
URL: http://geographical-space.iau-ahar.ac.ir/article-1-1073-fa.html .V-—¥a (0A)

2 Sl Sl 5 B Sselaynm gl ol g gy (VFo0) b 0 5 ot cblio (5l oy ok Sl 0
doi:  NV-Y-VA (FYNA cdewsi 5 Ll (lp) oy led g plngS  (Bub dLb) gl dses
10.22111/gdij.2021.6004

Sl sl 5 il () e (LS (gl paSls jloalisial (WAF) . ole epm g Lo le (S, (B30 ol M2k 5
https://civilica.com/doc/551106 .|, o 2ol plio 5 Gy j oo Mol s yuilidS o o5 blo 4 (5905,

g yo dlg ¢ oMol ol;T oKzl ( Egman omac &S 5l odlatul b nb s (00 (o e 9 (g ilodnd (MTAY) puome ol dMs Y

el 539y b (23 (i 2 Poe (ol railge Jod g o5 (WAB) i (B 255 g Jle g0 cdome (2l A
SID. https:/sid.ir/paper/886489/fa ./iov/ clacjss Cu o 3 S hio drwgi) ol s Diso]  odigo g pole Ao

Jae jl ookl b oM (gaiaing (V¥ +) crgomo laslpl 5 Lo jdasmo cgi asld 03 j0md chasdline ()lgmd S (olly A
doi: £V -0 (V)W on/ Cypte 5 pwnligo lingh g Gliamw bl jbyw a3y, ,» HEC-RAS S,k
10.22092/ijwmse.2021.124028.1573

g 9 (Soan (as (Al LIV ) Losde ds pide g e (o ol (LIS Ly ((Bdezme ¢ Shgiws N
YOI (ST oMb 5 ol g peanly o sl oj )3 Qllm il sile Jao )3 bas (g e gliizl
http://www.wwjournal.ir/article_729 c46bc8c7245f61caad30554a39b2d09b.pdf

doiz DA-Y¥ (F) ¥ ¢ /) Coro . g5l s 5 Juow (MWAA) Dgmunne 0305 g cyiuol (6 pua ¢ silaao ¢y30l500 ol ¢ Slo>y 3
10.22092/irn.2019.120100

3 oslitl b 55l il ol sloasgs (g5 s a0 G (W) sl csdac g ol (obje dosd (o) Y
doi: 10.30482/jhyd.2019.155838.1342 \YAAYY (MY «Cyytea . GIS p Sie (5 gy S

Pllgm )l (slodse (0YAA) oo o5 )31 g epl e (529, K (Bl s e s po ¢ le iMoo cdozmo s ooy Y
doiz N0 YV (W) ot/ Copde 5 lige Moo 035 s> 103)00 ddllae et 2l 2,50g) » (e
10.22092/ijwmse.2019.118432

owhyaiS iy wlBogy 1(63)90 ddlllas ol sladdlge Judoo g a im0 SoS 4y wlagy (0 (giludis (WA Lol (oL, N
B8 (GRS 5 Cemi b (b gle (S g b Lol 5 lSel Gl s o
https://civilica.com/doc/354920

SVM 5 ANN (segias (5gn slasby) 3Sdas duslie (V2 +) dgemme 309y 3155 o 5 SIS (g0l ppmamdins (lg; 1O
AW (V0SB 5 o sl (Jod 098 sl i gajse adlllas) CUlsmil wul iledss
http://jstnar.iut.ac.ir/article-1-4016-fa.html

(89590 Aalllas ¢ ytos8 50 (slo Shr9 ol O Cuppte Caz oyl slodss ucagdyl (\WAY) gy S5 by, NP
sl g (Sl pole 0a5tils ()53l oSl (59l 9 i cpole ©)l59 29,8 o pl adge o 5,4

Moy cile solS 03l slv Ja Sl o3laial b Jew g989 Jemsly (b)) (VF4Y) g )5 (ool 5 o) (o) st 25 Y
ATYVEE (YONY it/ op> Copute dolitagly (s 3ol oi isnype adlllas) (olad SR> 9wy oty
http:/jwmr.sanru.ac.ir/article-1-1140-fa.html


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.4.6.5
http://jircsa.ir/article-1-558-en.html

[ Downloaded from jircsair on 2026-01-02 ]

[ DOR: 20.1001.1.24235970.1403.12.4.6.5 ]

4 PV 1 PRI W [PV, TV E N FRESppe g

A o] sloesly (oloj 05,5 o b S (s g (55555 il (F1) Bl oz o 5 cn e sinly
doi: 10.22092/wmrj.2022.356743.1444 XY-Y- (Y0 (s brow/ clo jingss . lwd S )39 550l

(ot Jelo 5l oalitl b (65 Jow Cdylo (oatading (W0 ) - Jgu o 5B Ol g plie dw ol cdll sl S )b
https://dorLnet/dor/20.1001. .¥'+=¥) (M) /2w Copdo o] 50 16350 505 GIS lao 3 (6518 slaio g
1.23453915.1400.10.1.2.2

as sla o 3l ookl b Gblyy (i (VYAY) el c(gdamo g ¢ opmcdlgnl ((o0U] e dlungo 692 )8l ¢ S po s ¢yl
http://www.iwrr.ir/article_66467_9b3{7941d08 .¥-\A-Y-¥ (ONY /p/ of mlio Clid . ¢S5 5 oluw
¢01a8310dd0e35dfcf3e9.pdf

o )0 bl gldasuio Loy Julog )0 CHIRPS i)l (slaosls objyl (Ve r) L oppld c(gpmd g cdon] o 8]y
https://clima.irimo.ir/article_147867.html \YS—\\Y (YANY -+« o wlid nld] clo yingfs . o) Calisio oul8]
oS 3y 5 35 gty (MTAY) sie 922k 9 el gl bl ccsiebns (3 o R b e oMY ed
dllos) (MLR-PCA) £853 a5 Jgmu Sy Jio o 5 (PCA) ! (slolse 361 gy J oozl b (ETO) g
doi: 10.22067/jsw. v0i0.25711 FYA-¥Y- (VYA K 5 /. (agedo olfiuy] 106550

o adllas ;oo Jlad o clolid] > 8 )bk (slrosiiS s ol (V¥4 Y) .y pi oo 03150y 5 ¢ panodle dljllilae
URL: http://dpmk.ir/article-1-625- SY0-YVA ("Y' /0w Cupdo 5 (pSider i o buadS il o (520 13 (glinwg
fa.html

L 5> S35 s 3 S £5Bg Jludn 5 (295 ity (V) el dame e g oo o lenigdl el s
doi: Y-A-YYS (M) VY l/ of 5 (olo] otigo GEFSVI2 Loy 5 ()l daome— i (i sloodls j (550500
10.22125/iwe.2023.365211.1682

ONF cobistsle Siagh ol 2 53 i 05 1 S50 sl bole Jilos (V¥ ) Sl oty 5 o < Bl
https://doi.org/10.22092/wmej.2020.342597.1330 .vY-01

b sanding 32y 93985 4bdg) (538 Jew 2 S50 Jelge e (IF0 1) tenl gdonl g s gl 08 (o alS o xS
doi: ¥5-YO (F)\e o oo chbbio 5 Lilis AHP e dlds Jubo ) oslial b M5l ol yed oM
10.22067/geoeh.2021.68419.1011

s o (et Jousliy (17AR) ol e c()J5m3 5 ppmimo ¢ o)l gammo ¢Sy pmd didydoo ciydgy callisl ¢ 2o
NEVEN (OA) Yo . olslis pole (03,05 lidig 4 puiti . oldl i SleMbl ol I odliwl b jbyw oyl asgs 5
http://jgs.khu.ac.ir/article-1-3223-fa.html

Jole il e 5 935l somins SaS & S Sl oS ol sl 0535k )l (W4 )) - s deze diteg 5 0330 (2l
doi: 10.22111/jneh.2022.38718.1812 Y )VF—\AY (PN ¢ aels Laco rhiblso s oyl s 16350 aslllas) Lso
e ity 9 Silotend 3 (Sgiae (as (585D 35 (WAY) ume (el 5 g epie )31 som (GBS
doi: 10.22111/gdij.2013.791 YA\ (¥)))\ cews g Ldlpis -y 3opl ddg>

Sy B39 3 O (Jlghd Joys Sl gl 2l (WAT) s (S b 9 (e 495 o dome ()05 ()95
https://water-soil.tabrizu.ac.ir/article_3152.html .03-¥0 (¥) Y¥ (& 4 o/ i

References
1. Abbott, P. L., (2006), Natural disasters, 5th Edition. New York: McGraw-Hill Companies Inc.

A

ALY

A

AN

yY

Y¥

Yo

Arg

AN

YA

AR

2.

Abdollahzadeh, G., & Sharifzadeh, M. S. (2023). Identifying the determinants of public participation in flood
risk management: A case study of flood-prone rural areas in Golestan Province, Iran. Disaster Prev. Manag.
Know, 13(3), 318-335. URL: http://dpmk.ir/article-1-625-fa.html. [In Persian]

Amini, S., Azizian, A., & Daneshkar Arasteh, P. (2020). Improving the Performance of Global Rainfall
Forecasting Systems in Different Climate Areas of Iran Using Quantile Mapping Method. Iranian Journal of
Soil and Water Research, 51(9), 2275-2291. doi: 10.22059/ijswr.2020.302208.668602. [In Persian]
Amininia, K., & SAGHEBIAN, S. (2022). Investigation of effective parameters in modeling monthly
precipitation using intelligent integrated models based on time series decomposition. lranian Journal of
Irrigation & Drainage, 16(4), 789-803. [In Persian]

Armesh, M., Alijani, B., & Dunyadoost, H. (2016). Synopsis analysis of floods in Sarbaz catchment.
Geographical space, 17(58), 49-70. URL: http://geographical-space.iau-ahar.ac.ir/article-1-1073-fa.html. [In
Persian]|

Asadi, H., Dastorani, M. T., & Shahedi, K. (2022). Investigating the effect of daily discharge sequence in
river flow forecasting using intelligent algorithms (Case study: Kasilian watershed). Geography and
Development, 20(68), 163-183. doi: 10.22111/gdij10.22111.2022.7007. [In Persian]


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.4.6.5
http://jircsa.ir/article-1-558-en.html

[ Downloaded from jircsair on 2026-01-02 ]

[ DOR: 20.1001.1.24235970.1403.12.4.6.5 ]

(VFF OY als F o)) 31k ST ok glrdilolw &

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

Bahrami, F., Saadatabadi, A. R., Krakauer, N. Y., Mesbahzadeh, T., & Sardoo, F. S. (2021). Synoptic—
dynamic patterns affecting Iran’s autumn precipitation during ENSO phase transitions. Climate, 9(7), 106.
Barlow, M., Zaitchik, B., Paz, S., Black, E., Evans, J., & Hoell, A. (2016). A review of drought in the Middle
East and southwest Asia. Journal of climate, 29(23), 8547-8574.

Anuar, N., Khan, M., Pasupuleti, J., & Ramli, A. (2019). Flood risk prediction for a hydropower system using
artificial neural network. International Journal of Recent Technology and Engineering (IJRTE).
http://dx.doi.org/10.35940/ijrte.D5134.118419

Bayati khatibi, M., sarysaraf, B., & karami, F. (2021). Investigation and Estimation of hydrological effects of
caused by land use changes in the Ojan Chay basin (Sahand mountain range, northwest of Iran). Geography
and Development, 19(62), 79-102. doi: 10.22111/gdij.2021.6004. [In Persian]

Bergh, D. V. D, Clyde, M. A., Gupta, A. R. K. N., de Jong, T., Gronau, Q. F., Marsman, M., & Wagenmakers,
E. J. (2021). A tutorial on Bayesian multi-model linear regression with BAS and JASP. Behavior Research
Methods, 1-21.

Birkholz, S., Muro, M., Jeffrey, P, & Smith, H.M. (2014). Rethinking the relationship between flood risk perception and
flood management. Science of The Total Environment, 478, 12-20. https://doi.org/10.1016/j.scitotenv.2014.01.061.
Boithias, L., Ribolzi, O., Lacombe, G., Thammahacksa, C., Silvera, N., Latsachack, K., Soulileuth, B.,
Viguier, M., Auda, Y., Robert, E., Evrard, O., Huon, S., Pommier, T., Zouiten, C., Sengtaheuanghoung, O.,
& Rochelle-Newall, E. (2021). Quantifying the effect of overland flow on Escherichia coli pulses during
floods: Use of a tracer-based approach in an erosion-prone tropical catchment. Journal of Hydrology, 594,
125935. https://doi.org/https://doi.org/10.1016/j.jhydrol.2020.125935

Damadi, S., Dehvari, A., Dahmardeh ghaleno, M. R., & Ebrahimiyan, M. (2021). Flood hazard zonation using
HEC-RAS hydraulic model in Sarbaz River, Sistan and Baluchestan Province. Watershed Engineering and
Management, 13(3), 590-601. doi: 10.22092/ijwmse.2021.124028.1573. [In Persian]

Dastorani, M. T., Salimi Koochi, J., Sharifi Darani, H. Talebi, A., & Rahimian, M. H. (2013). River
instantaneous peak flow estimation using daily flow data and machine-learning-based models. Journal of
Hydroinformatics, 1, 15(4), 1089—1098. doi: https://doi.org/10.2166/hydro.2013.245

DeVries, B., Huang, C., Armston, J., Huang, W., Jones, J. W., & Lang, M. W. (2020). Rapid and robust
monitoring of flood events using Sentinel-1 and Landsat data on the Google Earth Engine. Remote Sensing
of Environment, 240, 111664. https://doi.org/10.1016/j.rse.2020.111664

Dosturani, M. T., Sharifi Darani, H., Talebi, A., & Moghadamnia, A. (2013). Effectiveness of artificial neural
networks and adaptive neural-fuzzy inference system in rainfall-runoff modeling in Zayandeh Rood Dam
watershed. Water and Sewage, 22(4 (series 80)), 114-125. [In Persian]

Dtissibe, F. Y., Ari, A. A. A., Titouna, C., Thiare, O., Gueroui, A.M., (2020). Flood forecasting based on an
artificial neural network scheme. Nat. Hazards, 104, 1211-1237. https://doi.org/10.1007/s11069-020-04211-5.
Du, J., Kimball, J. S., Bindlish, R., Walker, J. P., & Watts, J. D. (2022). Local Scale (3-m) Soil Moisture
Mapping Using SMAP and Planet Super Dove. Remote Sens., 14, 3812. https://doi.org/10.3390/rs14153812
Eidipour, A., Akhondali, A. M., & maddah, M. A. (2023). Ensemble forecasting and flood warning in Dez
Dam Reservoir using GEFSv12 Re-forecast temperature and precipitation data. Irrigation and Water
Engineering, 14(1), 308-326. doi: 10.22125/iwe.2023.365211.1682. [In Persian]|

Falah, F., Rahmati, O., Rostami, M., Ahmadisharaf, E., Daliakopoulos, 1. N., & Pourghasemi, H. R. (2019).
Artificial neural networks for flood susceptibility mapping in data-scarce urban areas. In H. R. Pourghasemi
& C. Gokceoglu (Eds.), Spatial Modeling in GIS and R for Earth and Environmental Sciences, (pp. 323-336).
Elsevier. https://doi.org/https://doi.org/10.1016/B978-0-12-815226-3.00014-4

Fu-wei, L. 1., Ai-mei, B. A. O., Xing-sheng, S. H. U., & Wei, D. (2022). Long-term runoff prediction for
Huanren River basin based on multiple models. China Rural Water and Hydropower, 0(11), 6-12.
https://doi.org/10.12396/znsd.220146

G. Cruz, F., Binag, M. G., Ga, M. R. G., & Uy, F. A. A. (2018). "Flood prediction using multi-layer artificial
neural network in monitoring system with rain gauge, Water Level, Soil Moisture Sensors, TENCON 2018 -
2018 IEEE Region 10 Conference, pp. 2499-2503. https://doi.org/10.1109/TENCON.2018.8650387

Ganji, K., Gharechelou, S., & Ahmadi, A. (2022). Determining effective factors on Gorganrood River
flooding and micro-zoning of flood risk analysis in Aq’Qala county using AHP method. Journal of
Geography and Environmental Hazards, 10(4), 25-46. doi: 10.22067/2e0eh.2021.68419.1011. [In Persian]
Ghassabi, Z., Karami, S., Vazifeh, A., & Habibi, M. (2023). Investigating the unprecedented summer 2022
penetration of the Indian monsoon to Iran and evaluation of global and regional model forecasts. Dynamics
of Atmospheres and Oceans, 103, 101386.

Gorgij, K., Dehvari, A., & Dahmardeh Ghaleno, M. (2020). Uncertainty Analysis of Hydrological Parameters
of Sarbaz Watershed Using SWAT Model and SUFI-2 Algorithm. Journal of Hydrosciences and
Environment. 4(7), 43-56. doi: 10.22111/jhe.2021.37151.1065

Halajian, M. (2014). Simulation and prediction of flow rate using artificial neural network, Islamic Azad
University, Marvdasht branch. [In Persian]

Hong, Y., Adhikari, P., Gourley, J. J. (2013). Flood hazard and disaster. In: Bobrowsky, P.T. (eds)
Encyclopedia of Natural Hazards. Encyclopedia of Earth Sciences Series. Springer, Dordrecht.
https://doi.org/10.1007/978-1-4020-4399-4 138.


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.4.6.5
http://jircsa.ir/article-1-558-en.html

[ Downloaded from jircsair on 2026-01-02 ]

[ DOR: 20.1001.1.24235970.1403.12.4.6.5 ]

\a

e o5 35,80, ol g (Mew SBGL 2 Sl

29.
30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

https://doi.org/https://doi.org/10.1016/.ijdrr.2021.102154

Jahangir, M. H., Mousavi Reineh, S. M., & Abolghasemi, M. (2019). Spatial predication of flood zonation
mapping in Kan River Basin, Iran, using artificial neural network algorithm. Weather and Climate Extremes,
25, 100215. https://doi.org/10.1016/j.wace.2019.100215.

Karl, A. K., & Lohani, A. K. (2010). Development of flood forecasting system using statistical and ANN
techniques in the downstream catchment of mahanadi basin. India. Journal of Water Resource and Protection.
02, 880—887. https://doi.org/10.4236/jwarp.2010.210105.

Kazemi, R., & Porhemmat, J. (2021). An Analysis of the factors Affecting Flooding Severity in
Iran. Watershed Management Research, 34(1), 59-73. doi: 10.22092/wmej.2020.342597.1330. [In Persian]
Khazaei, M., Shahrivar, A., & Goharghani, J. (2015). Analysis of the main components affecting the
prediction of river flow. Iran National Watershed Science and Engineering Conference (participatory
development in watershed management). SID. https://sid.ir/paper/886489/fa. [In Persian]

Mamat, N. H., Othman, M. H., Othman, W. Z., & Noor, M. F. M. (2021). Internet of things in flood warning
system: An overview on the hardware implementation. In Proceedings of the Ist International Conference
on Electronics, Biomedical Engineering, and Health Informatics: ICEBEHI 2020, 8-9 October, Surabaya,
Indonesia (pp. 269-279). Springer Singapore. https://doi.org/10.1007/978-981-33-6926-9 23

Minaei, M., & Vahidnia, M. H. (2022). Flood prevention solutions using remote sensing and agent-based
modeling (Case study: Shoush city). Journal of Natural Environmental Hazards, 11(33), 197-216. doi:
10.22111/jneh.2022.38718.1812. [In Persian]

Mollazehi, A., Pudineh, M., Khosravi, M., Armesh, M., & Dehvari A.(2020). Assessment of the potential
flood risk in Sarbaz Drainage Basin. jgs, 20 (58), 241-260. URL: http://jgs.khu.ac.ir/article-1-3223-fa.html.
[In Persian]

Motta, M., de Castro Neto, M., & Sarmento, P. (2021). A mixed approach for urban flood prediction using
Machine Learning and GIS. International Journal of Disaster Risk Reduction, 56, 102154.

Negaresh, H., azhdareimogadam, M., & armesh, M. (2013). The Usage of Artificial Neural Network in
Simulation and Prediction of Flood at Sarbaz Drainage Basin. Geography and Development, 11(31), 15-28.
doi: 10.22111/gdij.2013.791. [In Persian]

Nouri Gheidari, M., Danko, A., & Shahraki, M. (2015). Application of power law in flood frequency analysis
of Sarbaz River. Water and Soil Science, 24(4), 45-59. [In Persian]

Pashainejad, M., Rashki, A. & Adel., S. (2014). Using plant indicators to assess the vulnerability of Razavi
Khorasan province to desertification, International Conference on Environment and Natural Resources,
Shiraz. https://civilica.com/doc/551106. [In Persian]

Permai, S. D., & Tanty, H. (2018). Linear regression model using bayesian approach for energy performance
of residential building, Procedia Computer Science, Volume 135, Pages 671-677, ISSN 1877-0509.
https://doi.org/10.1016/j.procs.2018.08.219.

Rahmani, A., Behzadfar, M., Nasiri, A., & Hamze, M. (2019). Flood and urban engineering. Iran
Nature, 4(4), 59-74. doi: 10.22092/irn.2019.120100. [In Persian]

Rahmani, S., Azizian, A., & Samadi, A. (2019). Determining the Flood Hazard Level of Mazandaran Sub-
Basins Using a GIS-based Distributed Method. Journal of Hydraulics, 14(1), 123-139. doi:
10.30482/jhyd.2019.155838.1342. [In Persian]

Rangari, V. A., Umamahesh, N. V., & Bhatt, C. M. (2019). Assessment of inundation risk in urban floods
using HEC RAS 2D. Modeling Earth Systems and Environment, 5(4), 1839-1851.
http://dx.doi.org/10.2166/h20j.2021.111

Rezaei, H. (2013). River discharge modeling with the help of analyzing the main components of the case study:
Bashar River, International Conference on Sustainable Development, solutions and challenges focusing on
agriculture, natural resources, environment and tourism, Tabriz. https://civilica.com/doc/354920. [In Persian]
Roshan Neko, P. (2013). Prioritization of watersheds for flood management based on morphometric
characteristics, a case study of Northern Alborz, Glendrud watershed, Ministry of Science, Research and
Technology, Mazandaran University, Faculty of Humanities and Social Sciences. [In Persian]

Roshun, S. H., Shahedi, K., & Habibnejad Roshan, M. (2021). Comparison of the Performance of ANN and
SVM Methods in Rainfall-Runoff Process Modeling (Case Study: North Karun Watershed). jwss, 25 (2), 77-
90. URL: http://jstnar.iut.ac.ir/article-1-4016-fa.html. [In Persian]

Rostami Khalaj, M., & Salajeghe, A. (2019). Rainfall-runoff modeling based on system dynamics approach
(Case study: Mashhad Kardeh dam basin). Watershed Engineering and Management, 11(1), 15-27. doi:
10.22092/ijwmse.2019.118432. [In Persian]

Rostami, A., Akhoondzadeh, M., & Amani, M. (2022). A fuzzy-based flood warning system using 19-year
remote sensing time series data in the Google Earth Engine cloud platform. Advances in Space
Research, 70(5), 1406-1428.

Rozos, E., Bellos, V., Kalogiros, J., & Mazi, K. (2023). Efficient Flood Early Warning System for Data-
Scarce, Karstic, Mountainous Environments: A Case Study. Hydrology, 10(10), 203.

Sahoo, B., Nanda, T., & Chatterjee, C. (2022). Flood Forecasting Using Simple and Ensemble Artificial
Neural Networks. Geospatial Technologies for Land and Water Resources Management, 429-456.
https://doi.org/10.1007/978-3-030-90479-1 24


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.4.6.5
http://jircsa.ir/article-1-558-en.html

[ Downloaded from jircsair on 2026-01-02 ]

[ DOR: 20.1001.1.24235970.1403.12.4.6.5 ]

(VFF OY als F o)) 31k ST ok glrdilolw \al

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

Sakiri, K., Marsellos, A., Kapetanakis, S. (2018). Artificial Neural Network and Multiple Linear Regression
for Flood Prediction in Mohawk River, New York. Water, 10, 1158. https://doi.org/10.3390/w10091158
Samantaray, S., Das, S. S., Sahoo, A., & Satapathy, D. P. (2022). Evaluating the application of metaheuristic
approaches for flood simulation using GIS: A case study of Baitarani river Basin, India. Materials Today:
Proceedings, 61, 452-465. https://doi.org/10.1016/j.matpr.2021.11.561.

Seyedian, S. M., Bagherpour, M., Fathabadi, A., & Mohammadi, A. (2019). Runoff prediction using black
and gray box models. Iran-Water Resources Research, 14(5), 204-219. [In Persian]

Shahiri Tabarestani, E., Afzalimehr, H. (2021). Artificial neural network and multi-criteria decision-making
models for flood simulation in GIS: Mazandaran Province, Iran. Stoch Environ Res Risk Assess 35, 2439—
2457. https://doi.org/10.1007/s00477-021-01997-z

Sharafati, A., & Shobeiri, S. (2022). Evaluation of CHIRPS precipitation data in the analysis of precipitation
characteristics trends in different climatic regions of Iran. Journal of Climate Research, 1400(48), 111-124.
[In Persian]

Sheikholeslami, N. (2014). Estimating reference evapotranspiration by using principal component analysis
(PCA) and the development of a regression model (MLR-PCA) (Case Study: Mashhad Station). Water and
Soil, 28(2), 420-429. doi: 10.22067/jsw.v0i0.25711. [In Persian]

Soltani, K., Ebtehaj, 1., Amiri, A., Azari, A., Gharabaghi, B., & Bonakdari, H. (2021). Mapping the spatial
and temporal variability of flood susceptibility using remotely sensed normalized difference vegetation index
and the forecasted changes in the future. Science of The Total Environment, 770, 145288, ISSN 0048-9697.
Thieken, A. H., Bubeck, P., Heidenreich, A., von Keyserlingk, J., Dillenardt, L., & Otto, A. (2022).
Performance of the flood warning system in Germany in July 2021 — insights from affected residents.
EGUsphere, 1-26. https://doi.org/10.5194/egusphere-2022-244

Yang, L., Driscol, J., Sarigai, S., Wu, Q., Chen, H., & Lippitt, C. D. (2022). Google Earth Engine and artificial
intelligence (Al): A comprehensive review. Remote Sens., 14, 3253. https://doi.org/10.3390/rs14143253
Zahedi, S., & Ghermezcheshmeh, B. (2022). Monitoring changes in soil surface moisture by analyzing the
time series of Landsat 8 Data in Gavdare Watershed, Kurdistan Province. Watershed Management Research,
35(4), 20-33. doi: 10.22092/wmrj.2022.356743.1444. [In Persian]

Zalnezhad, A., Rahman, A., Nasiri, N., Vafakhah, M., Samali, B., & Ahamed, F. (2022). Comparing
performance of ANN and SVM methods for regional flood frequency analysis in South-East Australia.
Water, 14, 3323. https://doi.org/10.3390/w14203323

Zarei, M., Zandi, R., & Naemitabar, M. (2022). Assessment of flood occurrence potential using data mining
models of support vector machine, Chaid and Random Forest (Case study: Frizi watershed). Journal pf
Watershed Management Research. 13(25), 133-144. doi:10.52547/jwmr.13.25.133. [In Persian]

Zhao, X., Xia, H., Liu, B., Jiao, W. (2022). Spatiotemporal comparison of drought in Shaanxi—-Gansu—
Ningxia from 2003 to 2020 using various drought indices in Google Earth Engine. Remote Sensing, 14, 1570.
https://doi.org/10.3390/rs14071570

Ziari, K., Rajai, S. A., & Darabkhani, R. (2021). Flood zoning using hierarchical analysis and fuzzy logic in
GIS Case Study: Ilam City. Emergency Management, 10(1), 21-30. [In Persian]


https://dor.isc.ac/dor/20.1001.1.24235970.1403.12.4.6.5
http://jircsa.ir/article-1-558-en.html
http://www.tcpdf.org

