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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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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)


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

[ Downloaded from jircsair on 2025-11-18 ]

[ DOR: 20.1001.1.24235970.1403.12.4.6.5 ]

0 w5 55 8l bl 3 (Mew gl s (o

A (65 ke Ol (LS e b dwlie 3 S slod 5 S Cusby el Ol Gl sy g 5 )bl 0y90 Jobo
9 355 (e 9 109 oljan SB (glod g gl Glie (0 k) 2505 9 (02505) rpoie b Je (p)5) 20 slrole ol
Y USE) 39 e Jle 3y Jead )3 ob 4l Ol Gl e ez e sl (Se) S Sl (3p) p5 glaole &) Cos o 55
by S cosb, gyl )3 a5 cunl ool b Golas sl Yoo A=Y )Y la Jlo alold )3 ouds b (sladlis 5l o )3 00 L(k b T
YoV g Voo oo jo izily (g5 i Oyt 3)lee opl mBg b j3 g il Sl @l Lo,ar S mdow glod g a1l o
5 SB cogby 390 YL o 5l am g 8 slaJlo b auolio 5 SB o slod g opl )3 wonl 0303 Fy Jow 3550 ¥ 9 & iy
oo olo 4y bgypo 00 € s (23 (5t 92 St Jo 93 50 )3 (LS sy hoyd oS Jlo o el 3y S by o Gl

hel watlie Julod g 4 523
VXY adlles cpl slaodls (gl KMO jlade cd dusbro (slaodly (gl KMO jalie bl wlel adlgs Judoo 5 4320 plosl (gl
Do dinlgd Culio ol clnadlie Lo (ol odld fyw )3 dg3ge (sla Sinwod 45 Conl gadge opl odimdylis 4 sl Cunsey
Kaiser jlzo (wloly 0)l 5,8 Lol slaaddge o )3 Jod 5y90 (sradlge dlasi oyusd (sl (Eigen value) o5 3, yoldo

B35 Sl 393 Ky 3l 5V o] e oS g

Variables - PCA

@
0]
Py

m
—

1.0 -
Dim.1 Dim2 Dim3 Dim4 Dim5 Dim6 Dim7 H
ey 086 EVI \ :
prec. . ) ’ \
069 \
g \ |
05 - \
SM1 . %4 \ i .
X \ i contrib
03 RO \: .
-9 0O : e ) I
018 ¥  mebecomeccccccnmaman ] e AU B 14
N '
- = 0.0 Prec
0.01 5 H12

-1.0- Dim1 ‘?6.3%
084 '1.-0 'O~‘5 00 0.5 1.0
Ladge (p (Siwmod Heat Map 4 (o) 093 5 Jo! (sradlge 45 il 8 )live doyd Y JSS

Figure 3- The percentage of their participation in the first and second components (left) and Heat Map of the correlation
between the components (right)

m
<
5
&
]

Ol dlie L) pgd 5 Jol sloadlse o570l (LS guls e o )l 1) WS (oo (a8 alge po a1, (uilly S aBly 53 0309 (55
Lo yd WY dgd> 5D (D1m2) £9° 49J}o 9 do)d \rZ\s (Dlml) J9| d.o.]’o J‘»Sup M}s I) aosls ul).».uu Loy FATAN (\/YY’ 9 \VARS o}{s
L;»Lul dLbc\.OJ?c ubwl ‘_;Lol L;Lbc\.oj’c J»bv).) 5[0905 ‘('/Aﬂ) KW Jvob \ )I );ﬂ,S Pow ADJ}Q 137 ()"))I )I.LO.A .\SLSA L.O.ooy I) ool
(7 JS8) wles 4 g | osls il lg o po £ b
Syl oy 5y (Prec.) (o)l 5 (ET) Gy%5 g poed SM1) sl e 15 SB gy oS8 slod (gl pusiio cddlgo ol 152 5] adlae
P S cogby 9 (BGR) 4l O (b js ite dayzalyb cpl 5l dw 855 cud s |y duoyd V8 9 V8/) VA YV/A lade 4 (Contribution)
s Ty gl dile 3 Lol 5 Sy b 8 e Aoy ¥ IS5 (13 V¥ 5 10) 155 aile 1l 31, & lito iy st (SM2) g e
Cugb) 39 Jblay SB (slod Jow g89 saplej 13 45 35 4y plgi e g5l ) adlge (I b S o (slod (e dlaly a3
e (Ko &S 2905 3Ll 1L (pizen W30 ) 3y Juad b g Sl 56 (ks 0 0l 2) (deejin slocl 3029 iz 9
Jlein] i 5V 25 bl i o 93 cpl &S glaloj )3 aS  dad o i ddlgs pl b gl e j3 S Cugloy 9 55 (568
o (23 )3 (oot G Adlge cpl )3 355 9 s g SB- (slod gl aw )3 S Cugb) ()L Jelge cplpl cl SV Jow 63
los 3yl 1y s il o> V0 L s (EVI) oS gy sasls ailsa opl 55 o8 sl 85 6 (¥ USi5) 151> adllans o tbaio
ol g Jol gaw 53 S Cagb) i)l 93 &8 Canl (Jb p3 el )y adlge (pl b (ke (658 I gime (Ko (5)5 9y 9 SB-


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

[ Downloaded from jircsair on 2025-11-18 ]

[ DOR: 20.1001.1.24235970.1403.12.4.6.5 ]

(VFF OY als F o)) 31k ST ok glrdilolw 1y

S e ik adhaie ) GO Mg 0,
US)L.wc )Sl.b L;Q’Lf L)'“""’}’ ua}‘.w 9 .LSL;O L;Q):w |) aoals ul)w o )d VIV l.u)m £9d 49.‘947 ‘Jsl d&.‘?c G » :|°9'> 4.0J§,o
i adlse pl 13 pgd pdaws ;3 SB gl y (g0 )0 TV S jlie 1 LS andl ol 03l olaid] 558 & adlgo oyl )3 1) (10 BA/A)
(ste (598 L g Cuto (55 sl o5t pgd allge b ST pod o gl 5 (LS by (eSS (p<0.05) Jlo dne (Stuuson .28
(P g o Sloj (el dallland 9o ailain (LS by oasles ddlge (] CIS (g5 0 00D 533 150 4y d2 g5 (W JSUB) o
P L)AAQ) (EVI) u.mLf W?’ ()”L" d..oj9a L)"I 0 (M) A.,&L J.lb|9> u»,mlf Q_J)A.uu} & ‘..\.wl: odly L)“‘“’?’ |) dalaio cda.w )l G“”L" Loy
(o (Simod &y a5 b 4D o LS pgd adlge 0 1y o yial )l 51 Sy S )liie 0o )d ¥ S 0,00 dalllasdygo ddlaio oMew (o3 )
Pl 2l Gidy (SuS S Hlegd gdaw ;3 S Cusb) (R4S CS (g e adge (b pgd gaw 1> S Cagb) odne
a3 o oS Jow g3

P o8 amage i ailye ol b gl s 53 S Caghy 5 Gl 558 (P00) b ine (Simurad 45 3505 Sl 1l iz on
Jol gdaw 3 S cugby ¢ 53k Jalgs ol pls sl YL o o8y Jlosn! ciiun 5L 393 cladilinl 5| ol )b 93 oyl &8 claylo;
(V7 JS8) 25,05 aalllaes g dilate (M (23 3 (soke SR Alge (pl 3 3y 9 ps 9 ST glod

Sy Glp w3 Gl ggge (ul i 4B )S Hla5 )3 Lol glaadse > 09 Kol 568 poaw allge ohag () Sl 4 dagi L
SIS 5 85)skiS” slroged) (sl slaclled Sl asle Y )3 o o)Ll Jelgs ) e (5,503 Jelse cadlaio ) M £585 e
dJoL.n Jel UJMW dl&bd.} & .))5 wyol)s J.:Lu o)>\JL .5)5 ).lmd).o s..\.wL) ddlaio @aw umhf W?’ A.,u..mo9 uluoy dl)) qu.n
P bbbz (98 s Cuto (Suon Jol ddlge oS oy L adlge ljliol  Siusod 5yl0 oYU Hlaws Slyuss (o b Sis
d)IDL;ZJw L;G.uo 9 Ja.w9~o M R £9d ijc Candld L;’MAJM’ P O.M..{Lo.; 4\9.]90 I) L)"l ulﬁ’u" kY] ‘D)ID Lo yd aa (’*_Ja.w ) L.f'M"'”’ 6{@9
5 Cute (Ntuod (Vb 5 €S )lhe (S0t (LS Gib S cpl 4 a2 LY Jgi) cadh (oM @By (20 b 30)3 A0 o
D)8 angi |y ond adldy ol 4 Vb j3 a5 1) s g8 50 LS iie SauS S 5l bliswl olg e cusls adlge cpl b1y (ol sxe

@2 b bl aldgo O jliel (Siunod Jgui -Y Joua
Table 2- Correlation table of basic component scores with flow rate
s

S py> adlge Jol addge o pl
1 Jol adlge
1 47E-11 pgd dilga

1 -0.346%+ 0.583%#* ks

*p<.05, **p< 01, **p< 001

by ipgd adlge Jelse ()3 9 355 9y (SB lod (gl a3 ST Cugboy )k (Jol adge Jelse oy 3 S5yl
(W20 Ko 5 o35 Rostami et al., 2022) suao0 .05yl dalllasd jgo dilaio 13 (oMew (20 S i 53 (oke (il (EVI) 2lS
Oz w03 1S 56 (03 Gmpte 2 (WS Gibe 5 S ey (ol gaw ) S cugb) a5 ob i agl (nl b guen
IS dlge 3y 9 poed o5 3 (i o0 0aS Gty sloyell e 3 (A0 (e 5 (2l33) (olul alge Jilod mlis
Jaloe ploo b auslin )3 (508 1l Jolge plo 4 s a0l Ol a8 2l Ui sl g gl sgMedy sl 23 008 in s Jolge
ol 4 (Soltani et al., 2021) yus b .3,l05  Sledoa (Rostami et al., 2022) zuls b aoes ol a8 o)l bya (29 (dw i )0 (ol
Fu-wei) gols 0,5Yh 0)l Sled b Baos oyl ol b a8 canl by (00 04lS iy Jolos 5 (SO (ol by oS Wby does
0L (20 s Ui 0 Pge Jelse s sl canlio sl sy 5l (S Lol slaadlge Lo aly las (WWAY  ls, et al., 2022
sl g0 @M (23 (st ) S & ol i ol s ilen o] (385 (298 o

i B g S

S g5y 009y Jl (805> (29 Sy plgisds) oy ol CVlw (23 5 008 sty Glajesite G b)) gy polatods
do Sl pas hogi sl Jlnl lagsh il eslizl ol (ol (S & ol )l gl (B9 S gy cnl 48 oslizl e
ol olotl B 55 bl o Jolas g 3)05 393 g o yuiiio ,d (6859, gt 45 (59 ol b sl Jdo (sl yial )b dlos 5| 5Y gpme


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

[ Downloaded from jircsair on 2025-11-18 ]

[ DOR: 20.1001.1.24235970.1403.12.4.6.5 ]

1y e o5 35,80, ol g (Mew SBGL 2 Sl

e Grlea b g (Onde Jlenl 4 Cons) YL Gy Jloinl b gla e o3 (it Bl sl e (B g5y 029 5
Sl ) Jlain] gl o ol Gls g 0 423,55 )3 65030 55 (S5 (elb e 4 Cerud (£ 5Vl (BFinctuson) &5 Lo 55516 &S
Py S (guas 45w 4 (639)9 slogSUl (sl Jhe (e L dalie 3 dige Jo aimd (o0

B> o ol cpl oimdlis gg9e cnl 2292 b o Jelge ol & e (Fg) ()L Jale < 5ltie (gl (i 59816 5l
(Jsl o 1) SB Cagboy Jole o ol 53 ol (9908 NolS” aslllandgo adlaie )3 (M (23 st sl sXl ) ()L Jols
> (e (23 Gt 3 1) )l whe (St < IYE g VY /TR ke b cosa S lod o (BVI) (LS by a3l
) eS)lie lime cnipS +IVe g /WY /N poolio b i s > s 10 SB gl g 4l o (3 5 5 syl o ol
(¥ Jgi2) 5,15 1y (oM (23 2912 3

) ot €85 ot )55 (sl (2905 BLSI L oS sy Juo 42 48Tl () B i oS 3 S5 U9 0 Sl |
Slr i GgeesS) 93 2903 (Byme |y Coms 4 ()b Jele SIS 3 ol o0 & Jelge oS 0 (s aalllae gl )3 cplpls ol ol
8 Jlosnl Jle e 3580 (655 50le )15 353 53 1) 048 sy 0 &5 o e Sl o 008 st i S o 8beS
3959 b odaliio | Ly ansl /0 o (5)b (S (L8 Jlein] cliio joboay asl <10 Jso )3 Sl s )3 S Cugly pite (paibxiS
b e il Y b alaS e Jleist 5 Lad o BAS b Lo o jayds o Yot 4y (LS YLl pl e j0 by
2 S 0L e Bl i Jloinl (Gilear bl o camsay 515 5 3 1y ()L & oo e el gt VL] gox 1 das )
WJol waw > S Cugby ¢ iyl Jole 31 uy sl o3l ol 1y b Jole plo eS8 lie pemn Joiin] ¥ Jods ol VOB x Vo7 L g
5 SB gles 5 o) g 5 ST Cusb, elaole Gl Jlazsl 35,1 |, &5 o 5t SB clod 5 (EVI) ol gy Lasls
(¥ Jgi) Mt 5t s G551 b duglio )3 Lol sl 56 1805 (gl Jole L duaglio ) 48 ol csday +/VAY 5 <[PV s

O Qg5 ) Ot ] o 40YS Y g
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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)
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