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Extended abstract

Introduction

Water resources management in arid and semi-arid regions is one of the fundamental challenges of the
present century. Population growth, climate change, and increasing demand have put significant pressure
on surface water resources. In this context, monthly runoff prediction serves as a strategic tool for reservoir
planning, flood control, and sustainable watershed management. However, the complexity of hydrological
processes and the nonlinear relationships among climatic variables make such predictions challenging. In
recent years, hybrid models have emerged as a novel approach in hydrology that enhances prediction
accuracy and stability by integrating the strengths of different models. The present study aims to evaluate
the performance of linear and deep learning models and to introduce an optimal model for enhancing water
resources management.

Materials and methods

In this study, monthly runoff in the Qarasu watershed, with an area of 1,624 km?, was modeled and
predicted using data from three hydrometric stations (Pole-Touskestan, Naharkhoran, and Siyahab) over a
common 36-year period (1985-2021). Three single models (SARIMA, BiLSTM, and GRU) and two hybrid
models (BiLSTM-GRU and SARIMA-BILSTM-GRU) were employed to model monthly runoff and
forecast values for a 12-month horizon. In hybrid models, the SARIMA model is used to model the linear
components of the time series, while BiLSTM and GRU models have the ability to identify and represent
complex, non-linear patterns. Model performance was evaluated using RMSE, MAD, and MSE indices.
The models were implemented using Python and commonly used libraries, including TensorFlow, Keras,
numpy, pandas, matplotlib, scipy, and sklearn.

Results and discussion

The hybrid SARIMA-BILSTM-GRU model, by integrating linear and nonlinear components, provided the
most accurate monthly runoff predictions. The RMSE values of this model at the Pole-Touskestan,
Naharkhoran, and Siyahab stations were estimated at 0.0295, 0.0173, and 0.1683 m3/s, respectively. The
BiLSTM-GRU model ranked second, with RMSE values of 0.0326, 0.0226, and 0.3013 m3/s. Among the
individual models, BiLSTM and GRU produced similar and relatively accurate results, while the linear
SARIMA model, with RMSE values of 0.0851, 0.0230, and 0.3892 m?3/s, showed the lowest performance.
On average and based on the RMSE index, the SARIMA-BILSTM-GRU hybrid model reduced prediction
errors by 39.66% to 56.75% compared to the other models. The findings of this research confirm and
reinforce the theoretical foundations regarding the superiority of complex hybrid models over simple, linear
models.

Conclusions

This study demonstrated that hybrid models combining linear and deep learning approaches can
significantly improve the accuracy and stability of monthly runoff predictions. The modeling and validation
results indicated that the hybrid SARIMA-BILSTM-GRU model, which effectively combines linear
(SARIMA) and nonlinear (BiLSTM and GRU) components, was selected as the optimal model for this
watershed, demonstrating the best performance in monthly runoff prediction. The results highlight the
importance of applying hybrid approaches in water resources management and flood control. It is
recommended to employ more advanced models and diverse input variables, such as precipitation and
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temperature, to further enhance the accuracy and reliability of predictions. Furthermore, given the
observation of overfitting in the base LSTM and GRU models, it is recommended to employ more advanced
architectures, such as models based on the Attention mechanism like the Transformer, to enable the model
to intelligently focus on the key and influential time periods in the runoff process.

Keywords: Golestan Province, Hybrid models, Hydrological forecasting, SARIMA-BILSTM-GRU,
Water resources management

Cite this article: Jandaghi, N., Alibegli, M., 2026. Comparative performance of linear and deep learning
models in monthly runoff prediction, a case study of the Qarasu Watershed. Water. Eng. Manag.18(1), 147-
164.

© 2026, The Author(s). Published by Soil Conservation and Watershed Management Research Institute
(SCWMRI). This is an open-access article distributed under the terms of the Creative Commons Attribution

License (http://creativecommons.org/licenses/by/4.0) ®
(O



https://doi.org/10.22092/ijwmse.2026.370888.2132
http://creativecommons.org/licenses/by/4.0

&

Watershed Engineering and Management seul Copde g (owdige
Volume 18, Issue 1, 2026, Pages 147-164 VEF-VEY Glorao A F0 o) ojleds VA al>
DOI: 10.22092/ijwmse.2026.370888.2132

abdlo Cllg) (Swmisimns )0 Guos 500 9 (b oo 0 Sdos dunlio
g )8 jutl 0395 169590 anlllae

v _ ) e .
Aule g 5 7 o 30
Ol e a9l auS (uggls S olRiils (gl milin g (55,5LiS 0aSiisly sd)é}:&q" 9 &0 09,5 cowdiges (S5909, 0 Lunils !
Sl O 5,5 ol3T ol&tils ¢ SgualS cwiige (55555 (gomitils

VEEN NV b VEF 0T il fu b

bguro oS

doddio

o8l Dl Comaz 0y el ol )8 colsl lallr | Sl ass 5 Sas 3blie ;o Of mlie Cy pas
ol ol Clly, iy bl iz 0 el 08,5 8y mbans ol gulio (g0l Lad Lol il g
Sz o Jl 0l b 05800 g sul laojs ke 5 O J 7S dos (50580l sl 508,
3l sladle o calon)S s 1) (it (nl (ool lopsite (Sl Ll 5 (Sofolg e slaslp
5 <83 it slaoe g8 blis plesl b oS wilowd ke (s5l9,008 )3 (g (63,59 Olyeds (oS 5 slaJos
Sre g Gres x5 g (b ladae QL5 (o) p pSl> agh Baa aridu e S ) (Smpte ol
el O mlive o o sl gl ags Jowe

g, g olge
oSl dns sloools 51 oolizial bz po aslS VEYF Comlia b guvo 3 sl 055> ailale Uy, o iy cnl 5o
ot 3 Gibedae (FFF-1F ) dlo Y8 (gylel 050 Sy (b Olobs 5 055 )l (lslSngs Sy (65205 )000
SARIMA- 4 BiLSTM-GRU) =S ;5 Jaw 55 s (GRU 5 BILSTM SARIMA) 5 e Jos duw ¢ jsbae (sl (sl .0
(oS 5 e 5 S e sl ol VY 58l gl | ailale LUls, b ok 4185 IS4, (BILSTM-GRU
GRU 4 BIiLSTM (sla Jow a5 Jl> )0 gy 00,5 a4 Sy (6w b sbradlie g5ldos sl SARIMA - Jos
MSE 5 MAD RMSE sla_asLs b b Jae <8 .)ls |, chs pé g ooumms oSl oloish 5 olobis oUlss
numpy Keras TensorFlow ale>;l o )15 5 slaailuls 4 Python 51 eslazwl b by Jaw (gjlwesly ol ol

A% ell sklearn g scipy matplotlib pandas

|, wlale Slly, (smiins oo 58S s pué 5 o> sloailge 34l L SARIMA-BILSTM-GRU oS 5 Jue
5 [AVY [ YA0 o sy Olobes 5 3l coliwlSnss b soolKig! 45 Jas ol RMSE yolie ols 4l
pgd &S /¥ VY 5 [ YYF [+ YYF Joleo RMSE L BILSTM-GRU Jow .0l 551 5 ili i casSeo e +/VFAY

nader.jandaghi@gmail.com :.LslSe Jgis -


https://doi.org/10.22092/ijwmse.2026.370888.2132

VE-0 ) o )lad VA ul> el S ke g oiige [ V0

RMSE L SARIMA s oo Lol caizls Jss3 b8 5 alie 3l GRU 5 BILSTM w34 sl Jos loo o w052
Joe RMSE a3l ol 5 g 0yl obods oo i |, o Shae oy gicinds +/YAQY g «/oY¥e oo/ ADY il
s & o 0oy OFIVO b o ys YAUSF oy | iy slas condlsy SARIMA-BILSTM-GRU .S
S |y 0z (5 5 ladoe 55 prga 50 0adshae 6 Gl (hagh (nl laaidl aas ralS laus
S oo Cagil g anl (a5 ool glaJoe 4

sebar |y ailale Cllg, (min yll g <88 Gaae 650k g o oS 5 sl o a5 ol plis Jregh ol
L SARIMA-BILSTM-GRU .S 5 Jow a5 ols olid omw,liel 5 g5ladon gl ains oo e 4295 LB
Sl adg> (nl lp ae Joo Olgreas (GRU  BILSTM) (s .2 5 (SARIMA) (a3 sli> fige o5 5
30 =S 5 6o gy 65,54 Caenl bl ol oog wilale Slily, oo im0 0,8 les o i sl a5 ol
Esiie slasdg)g 5 il iy (sloJuo 3l ealital i g Sleiday )l 25T M J5S 5 O lie 2o s
oy odalive 4y 4z g b (ied 058 )13 Jlaiae o gin iy Slesel bl g <80 (falBl 6l Los 5 (2L wils
2 e sladae wiile (s 5ad i slagslers jl 39800 Sleiiny GRU 5 LSTM al slo o 5o (35l pin
3 6dS 5 S50 Sloj sleo g0 diedigr jebds wilsly Jue U ol colaiwl Transformer . Las Attention guslSs
S8 5 Slly,y w8

SARIMA-BILSTM- (1 mulie o e ¢S 55 (b Jke ¢ 35805 b st eolinelS il 1 gualS glaelg

5 4 Base alog; 0byz i oo
Hgd oo ol 0313 1 (e g WulB (s
sle Jas .(Chenetal., 2023 Parisouj et al., 2022)
5 JEsl g Sy, adgs slo)l8 5 5le wod 2 sl b
siailes ol S Sl 5 azies S2e LaJUls
Beven, s (Sojsly etteg s (SYsb slaosls
pac g ball>  Saoe Lol (Yangetal., 2020 2020)
(Lin et al, oS o sgame | Ll cds lac ks
2021)

S’ oty unld sladoe (5,50
wle) p3Y (S 9o b g Doenils (6995 slaosls
slaosls 5 &8s Sl )8 S sla Shy
Ogel S50 SIS (Sozmy Geizred g (ulidlse
Sl gpgy o Gl b (S sl S
slrosls 4 5L J8las Lools e slo Jow ¢ Jolas
5 bt bl ldae lls (S
ot e el Gl I i 6 iy Slas]
Latif et al, 2023) Wsd oo wyems s,
.(Hu et al., 2021 Hauswirth et al., 2021

GRU

doddo

5 Siddon 3blis ;0 ohsar of e Co o
ol 0F sbpdly e IS oSS
5 Sumex A ool Dl 39l o0 Cgone
5 e 8hskiS slagize o ol 4 ks s
65,5 5y b O mlie 5 sloonylih Led o
(Nazeri et al., Heshmatpour et al., 2020) <!
alale Clly, 385 cwiim ol onl o 2023
3 SloaS sl A wgalS Rl S Gleea
5 Bl e Dlw S35 dav 5,00l 5
(Jandaghi oS’ oo ! 5wl slaoje ol o poe
etal., 2020)

chie o 00d o)l Ol JS v ailale Ul
s ole Ko (b (gyeg e o] S
b 5 ok SlaShy (J ol bl
Saste Jelge 75U L ol e (( So3elg e slavl b
OAless 5l (o ]y St ) (S g (sold]
(Workneh ool 00,5 Lo (s5809,000 ;o Pl
.and Jha, 2025)



1o/ wioblyy (Samiten 50 Bees 6,500 g s sla Jus o, Sles anglis

S olomes b e ae (Jl> ol L 2021
Sl Gt Gl st i i baoy)lS
Sleolaal o 5l slaiges 4 wilale )y
(Boulariah et al., <l L) e ,oSARIMA
2021)

pleol ol oS S 5 by Joe diiwl) e o
Ay Wl 1) kit lapi sl 5 o less
09 4 (Sigdgyee Slidxg s Sl
@iz Baoe ,50L Gl Jue oS5 ailes S
03,5 Gl 1) 0,00 gl Jaw sbacgsgass ilsi o
L Sarkar etal., (2022) igai (gl a0 iol58l 1y
& Cawd G5p o,Ske GRU 4 LSTM S5
ke &l s yae sla Jowe

Joe dswgi b 5 Ahmed et al., (2022) yioven
S silwaige w55 9 BILSTM-CNN (.5 5
ssbr Wlg e 3,0y, cnl 45 wsls las faz e
i dge 1) Sllyy ot S8 s LB
ST oSy sldoe i 2 S Slallae
2y L Luo and Gong, (2023) . Jtw sl xlos S
pleal as” wols les ARIMA-WOA-LSTM Jas
Silwaingy oyl 5 Tk e S es izl
g o oslw g 0,k slaJow 4 o My
Kilinc and «yuzen o250 &l 6 5V gl
Fang et  GWO%-GRU Jow L Yurtsever (2022)

CNN-Transformer-LSTM Jo L al., (2024)

Gl slooig> o 1) oS 5 sl Jow iy o Slee
dod a5 Codl S5 oLLs Lws S anl sl
G oSy ey L e
o OS2l slalne 5 aliie (505l 5556
Mg 50

o Jow jleolawl a5 s oo )lis 09250 anlgls
(b pé g G slagty, plesl b ohgd (oS 5

St Golub g 8 Wy e 50 Heba

5 Ant Colony Optimization (ACO)

& Autoregressive integrated Moving Average
(ARIMA)

" Long Short-Term Memory (LSTM)

8 Whale Optimazation Algorithm (WOA)

% Grey Wolf Optimazer

b sl slaae ((SKojslsynme Slalllas o
5 el gly 00,08 sbay SARIMA! | L
ol s, S Gy, Sboy slas e ot
32 2Uly g et bl Sole Jdoas b Jow
Ad Az g5 090 lizmen « lad gl olulis
J& ol b.(Wang et al., 2022 Box et al., 2015)
Lilg, Sy slp Slgb o Wl del cosgama
sloosls ol oy slaSiwly 9 e
) o S Wlgioe o5 Caal (Sojdlg e
(Luo and Gong, 2023) uas ials

8> Gres xS0k jemeodls slats, sebs
‘SIL@J;M ] OM Sgupe |) ul;‘j) ‘suauu...u
5 alisl> slo Sg5le L GRU? 4 BILSTMY s>
Sla Sily 5 (> pé Lulg) 6,08 oS sl
dslie (o g oS gildas pema ) Cowaidy glej
SOt S S 8les (S oy, L
Mateus et auao &Il SG5e0g,000 Sy slas
.(Velarde et al., 2022 al., 2021)

Olped 55 sl Gl sl o
pleally as wload 7 ke (63505 000 55 (ns 69,509,
ot GOk g 08 it sla Jae g8 bl
BILSTM-GRU Jlus (gl .aiidu o gt |,
Slren |, @lSer Copm g Sloy sla Sy
SARIMA- asle  glaJas 5 aas e i
Lly, 5 lad sl w0 BILSTM-GRU
Luo and Gong, oS olajl 1) Slly, Jas e
slo Jow 0l .(Workneh and Jha, 2025 2023)
SRR S 0955 jsba (oS 5 s Beee 650

B e 9 (Siglg one sl pate S0 9 g,
LSTM aiile « gaae 5,50k (slaJos o 4z 5

wlolis o oYL SUles C-LSTM s CNN-LSTM*
Ayl Gaeasds Sy sl Sily g s 8 sl gl
5 Gdo Sl s lgi oo a5 wileols las g
s &l Ol caaS g Aoy, by o b

(Bai et al., Baek et al., 2020 Xiang et al., 2020)

! Seasonal Autoregressive integrated Moving
Average

2 Bidirectional Long Short-Term Memory

3 Gated Recurrent Unit

4 Convolutional Neural Network-Long Short-
Term Memory



VE O ) oleds VA al>

el S e g owdigs | VOY

3,0 by 0595 1l 50 ccaSo o ygukie Vo Jolee
.(Ghezelsofli et al., 2022)

el 0555 CamBsn (s 3l iR (2] )0

(S gy 6&0&“&5‘ FHIEYPY g_)l)‘s) GLDOQ‘Q ‘9...40)5
OLlSags i (6 yiag joud oSl dus o (555185
el 5l lsyesp Jdoar Ol 5 oly95 )l
ol S ie gylel 0y90 s bl sleel LB
OF =729 B VPO YPF) Jlo Y7 ol
SledS plbeal gladlie O &S5 5l Wesls 4 0og
wadeS ool 5l gogame Gl Slasy o

O b (Ko by, 5l eslitul b gslasl
Jod BB (SKicor 0o L pslome sloolSin
solae a0l 4 axgi Lo imghy ol jo ol plol
Lools cpl ol )0 wiius yloj 4 dtunly ailale LUl
§ Cowo aS l?u] 3l GOy GSlA} Sy O ygods
sbddes o pwlel i beols SKes
(GeioS (som Jole plosl 5l iy w0l (So3elgpae
i 3530 Sy 03051 b Gloj Gl p (e
Silwad Joo gyl osliinl b et (6 5oy 00
s GRU SARIMA) 5,00 Jow 4w Joli a5 o
s BILSTM-GRU) .55 Ju g0 ¢ (BILSTM
e 4 bd o .cwl SARIMA-BILSTM-GRU

Dg oo A3  iaghy ol jo eslaiwl 5,90 slo o
55 3 oS (510 Juts coolisanl 550 o Jo
oy pdcillasl 5l S5 SARIMA Jus :(SARIMA)
5 Sl had Gloj slogrw Fpin sl o
el ad sboosls canzen sla gl olulil 4y ;08
ot Sl Sl g by (b Joe S o
@ole slanig) oy (2Ll a5 coul Gloj slags y
shad S Jolis l eolaul bog ol 1y Lad g
slo osly Wosls (g9, » 1) ARMA Juw g oo
.Bowerman and O’Connell, 1993)

D9 sa yetS daseioe i LSARIMA Jow 12
(Box et sgd oo 0ol ioled (V) alayl, & g4y a5
.al., 2015)
(.d.q)*(P.D,O)r M)

@ S badae ol ams L)1, (SG5elg 0
slp paalls glanis (e by glaos
5 s S5 o (53,200 ool mlie g e
(S jebay wies o Ll mlie Ay anass
S 5 Gras 550k a5 >l Slocdyiny
ot Ol glp suar Gl@l (oS 5
polp ol plie Copae Gl S emeas 5 Sy,
el 08,5

alfaw Jlge cuS 5,0 adllas ol Lol 55l
sz )l> o 904 GRU 5 BILSTM SARIMA
o)l albble Clly, giladow glp a4 LSS
Ortey Sllllae o a5 (ple 0S5 Glese
g0 3 sudul 0> slaosls 1y ohagts (s3als 0nn
(b slasS e gl gl el ol 00t ()
) Saeaids 5 obsS Sloy slaSinly 5 (s e
Spdeizr jbar |y cogien o 8les g0 S oals

55 gwod oul 039> 1 35 a3 b e Ghmghy ol o
Sdie Jao aw Jold oo mu ool ol
=S5 Jae 99 9 BILSTM 4 GRU SARIMA)
&l SARIMA-BILSTM-GRU 4, BiLSTM-GRU)
wload dslio 5 drwy wlale Olly, o e
Sdores b Shy Jdoa ass> (nl Sl
el 5 il S polie s 45 ] Capmtl ol
8,5 Oygo (Sl 5 ol Sleis @ O
Slodon LS b)) (i Lol Gan
@bolid «lly; (St 5o Bee 50k 5 b
Slr e Joo S (Brre 9 o o s g Db b
Lol 455> ulihe po ol @l g o

1559, g Slge
Colus b guio 8 J.ouT 039> taxdllan 890 ddlain
el s o 5 ol Jlod 5 g payiaghs VEYE
4oy leem ol () JSKD) Gl onds adly LS
3551555 ezl 4 5, 5 Jlod 51055 el el
Sgaoe 09,5 jesul a4 gz 5l g i3 by
WA Jlo b Soaily 5uilie olol 1 09 e
leadS il o O b 5l o ys Caiia S0



vov /

wioblyy (Samiten 50 Bees 6,500 g s sla Jus o, Sles anglis

———

Qarehsu <

B d .
Nekaroud

240000

260000

280000

4100000

4080000
»

Legend

4060000

Description [Symbol

City -

Hydrometric| o
station

River

(=]
]

g Watershed

Sea

) pldS ll 5 @) Blpl 53 (€) gmso B il 059> oLlin Cunadsn ) S
Fig. 1. Geographical location of the Qarehsu watershed (c) in Iran (a) and Golestan Province (b)

g8 ezl 039 50 ke (6 kg 000 GolSiny] Slaskie -) Jguz

Table 1. Specifications of the selected hydrometric stations in the Qarehsu watershed

Station Name Station Code

Longitude (UTM)

Latitude (UTM) Elevation (m)

Pole-Touskestan 12-085 284272 4073485 465
Naharkhoran 12-043 274622 4071771 500
Siyahab 12-097 237291 4079672 -26
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Table 2. SARIMA modeling results for monthly streamflow time series at selected hydrometric stations

Station Name SARIMA Model p-value
Pole-Touskestan (2,1,2) x (1,0,1)5, 0.635
Naharkhoran (1,1,1) x (1,0,2)1, 0.752
Siyahab (0,0,2) x (1,0,1)1, 0.506
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Table 3. Validation results of the models at selected hydrometric stations

Station standard Models

Name metric SARIMA BiLSTM GRU BiLSTM-GRU SARIMA-BILSTM-GRU

Pole- MAD 0.0686 0.0889 0.0275 0.0887 0.0245

Touskestan RMSE 0.0851 0.0355 0.0380 0.0326 0.0295

MSE 0.0072 0.0018 0.0014 0.0009 0.0009

MAD 0.0140 0.0888 0.0153 0.0891 0.0148

Naharkhoran RMSE 0.0230 0.0243 0.0260 0.0226 0.0173

MSE 0.0005 0.0009 0.0007 0.0005 0.0003

MAD 0.2492 0.2445 0.2308 0.3191 0.1403

Siyahab RMSE 0.3892 0.3153 0.3183 0.3013 0.1683

MSE 0.1514 0.1678 0.1013 0.0908 0.0283

&b L SARIMA-BILSTM-GRU .55 Jow
(b e roe slaaSil g o Jae slacoLl
S (med oo oo 1)) Sl g 5 g0 Sles
3 a5 aes eo Hlid Sl pl oSS L Gaiow oyl
asle) poad s Sojslyyaee (b, b olaass>
asle yesle glados  (ohstls oKl
By oo, Sles 4 ol 4 wilyi o 55 SARIMA
Joe b bl cosal ga090 (pl 45T wal s

Sile oo dwz p |y o9 o> sla Sy b

5 Gree x50k sbadae 3l slaJle e

2bo g Sllsy (i )0 Slod S jebay (oS S
whS 4 a9 (Sidses slaysie
Loy, gilwans o Sl Jdoas by Jow cpl asloass

azg (Gloj s ool o at sl 5 cnzmn
slodae dLewly pl jo iles S 1) (g5l
(bt g b slaghy; pleol b ohgt (oSS
Srdypees 9 Golml (B vpe jslaien
Qa8 )5 18 a5 0590 oy s i
S Juo dw ol Joo gy (oo (ol 5o
=S5 Jow 3 5 (BILSTM 5 GRU SARIMA)
(SARIMA-BILSTM-GRU 5 BILSTM-GRU)
ol aw 0wl Slly, st Glp
2l ab gldae gued el oje> (g yieg e
=S5 Jse a5 ol plis e lael g gladow
sl>! $3e S5 L SARIMA-BILSTM-GRU

SARIMA- S5 slodos (IS jsba
l, &8s (e BILSTM-GRU 4 BiLSTM-GRU
& o oozl able Clly, cwie oy
oSl olsieay BILSTM 5 GRU (sl Jas
5 eSibe jsbody aies ssliiul BB 55 LIS o ool
SARIMA-BILSTM- Jos RMSE _asLls bl
7 FBUSS @) g gl el GRU
loe b aslio o a5 slugSa was ualS
SARIMA ; GRU <BiLSTM ¢BiLSTM-GRU
5 00,5 FYIVE oo FYIFF wan s YAFF (ol
Sl las 6 i 0 ,Shas aus s OFIVO

Wo) )3 e SRR b asllhe (nl @l
9 olnl po (e lapiie plo g Sllg, (i
Baietal., «Xiang etal., 2020) s s Jlyoeen ;o>
¢L.uo and Gong, 2023 ¢tAhmed et al., 2022 2021
«Kilinc and Yurtsever, 2022 <Sarkar et al., 2022
oles Workneh and Jha, (2025) .(Fang etal., 2024
Geoe S50k 5 b sladus oS 5 &S wad o
5 ol B )l gl Hie 69,50, Wl
o mlie Cu e 5 Sy, (cmi 5o olazel el
il ol 0o wlide o

3 oxdgshae (8 Gl (hagh (nl slaassly
5 b 1) odzn (oS5 sladae 50 popas
Ahmed et ol Sldlas zuls alice 08 oo o sl
Coje » 45 Luo and Gong (2023) 4 al., (2022)
slapia,ofdl g (bt e (bt slaadse plel
aS olo lid 5 dsdlae cpl cails aSU (g 5lwaigy



VE O ) oleds VA al>

el S 5 guige | VFY

sloyiie B0 Sl 50 5wl anwy Sl
Sl 5wl oe (oo 9 )L aiile) Sige (owlidlse
S U Bane 5,50kl (slo e oo 0alSy o]
cd.{;'::\j‘)‘ ‘5...;5).: 6)L¢xn L! as .)Joy 47‘9_4 L)"’)‘)"L)‘MJ
Laly oy oy Jao (IS s 39,5 o a5 330
(gw0,8) aslllan 5)90 adg> (slaosls 9 SGjelg 0
pas dalllae cpl ol o cewl sae  ouwly
5 Doz ) Jolo sl s i o SIS Cunlad
oo oé)S.S Ty
sladas ;5 Bilncin oda saaliv 4 axgi b
s lors 5l 045 o Slgiiny GRU 4 LSTM 4l
il e gl asle (g jas i
Joe U 5gd eolazwl Transformer a5 Attention
SlS 5 S50 Sloj slwo gy wiadon jsboay Wil
2 ade gln izmen xS S a5 SUly, wls o
o ol o o S cds g (Sausn
Sblog asle Blol 138,50 sleosls plesl se>
sl b s e slaosls g e n) ol mlaw
‘_;Lmﬂ.c;.a )L’S 50 (u—‘ ;;\..ihloﬁ (_gji” asle) QS’L‘“‘"
Sualad pae Jolow oy o0 S5 4 (5590 (oulitlse
5 eoeddl Sl 4 Cod b ow Cowles
6),.50[_1 9 6)LJ dL@JM r:Léo‘ o‘).g.m L) ‘L:bé‘og)s
5 FES sy Gl 4 Wlge (eile
Copde ,0 gl ookl Al g aiS SWS 5l
pald ) o (g5,a0l 0 5 OOl J55 ol mlie

.»))9‘

Gil.b).xé 9 M’. 3y
pold 5 ailrace Jlossy gloyud By
0SBl by sdegh oSle ) ol

g ddlllae ol plamil (1 a0y 45 aiies ugslS

&Llw (2l
s s o Ll 3 IS5 pgea o oeilin olis

U KV YL IRY

(GRU 5 BILSTM) | ,.c 4 (SARIMA) |
S ab OBl ade> (nl slp ae Joe Oy
oog ailale llg, cmyion o 0, 8las (o yige sl
okt i g 55 s L Jae ool o
B oy |, i B8 daosls s
35 oS5 Aty Jae w9y oal b ansse il
ool 0099 axlge i3l oo b LwlSug s oK
o255 Sl b 50 (slasliyg, b 9050 ol Yoz
Sools azsn )b j0 a5 cwl bas e SSelg 0
2l 5 eais Sonles S5 ojlasl a4 Jaw &jgal
aslie j0 Sl sas ybigel a8 slagSl 4l
GRU 4 BILSTM ¢BiLSTM-GRU s Juw
Hilpote s 18 gam GalKl> o o e
4 Y=l GRU ¢4 BiLSTM Juw g5 ;5 ool ssalice
slrosls b agzlas ;o g lons ol SIS (Sauzen
L ot et laSinds 5 25 b Slajis e
oSk o IS slosSI L5 5 5o sles L Joke ) ]
closls ;0 Sezge g NN 5 el alleg
A e a5 Wjeely ju |y andS by, bjgel
Dgd oo ygeyl sleesls yo SIS rals

oy, jludns ;5 42,51 SARIMA o
sl Jaw b anslis ;o Lol il 009y (3890 Wools oz
olis alale Sy, (m i 50 6546 S83 (oS 5
Slobaw oKl jo b Jow adS jas o Slas ol
S2el90ed (S jl (SBL ads> (295 )0 Bl
oS5 ol Boee a5 el olidia cpl 4o o093l
S 3 Seal slaady> gy (sl
s g 2l bl wiile) (e 5 Sl Jalse
Sy 53 23 g JUl Sl Gl (oS
Ly, £3by Gal5 el ol (ol ol 5 Vs
4 g g0 (giledae ;o Conlad pae il g o
Gont 55l S 5 sla e il S sk
slp Fie bl Dby, gt ln by
Sl ol S poe g o s 65luk g <8 13
g se Dgeme o3l 039> b )

Gl (inls, mls sz b oadlae ()
Sl iagh lp ) de; a5 cul olacusgazae
Sy Sy il p oS Lo (s S oo o2l 8



yov | wioblyy (Samiten 50 Bees 6,500 g s sla Jus o, Sles anglis

solaiwl 090 2ol

Ahmed, A.M., Deo, R.C., Ghahramani, A., Feng, Q., Raj, N., Yin, Z., Yang, L., 2022. New double
decomposition deep learning methods for river water level forecasting. Stoten 831, 154722.

Baek, S.S., Pyo, J., Chun, J.A., 2020. Prediction of water level and water quality using a CNN-LSTM
combined deep learning approach. Water 1(12), 3399.

Bai, Y., Bezak, N., Zeng, B., Li, C., Sapa¢, K., Zhang, J., 2021. Daily runoff forecasting using a cascade
long short-term memory model that considers different variables. Water Resour. Manag. 35(4), 1167-
118.

Beven, K., 2020. Deep learning, hydrological processes and the uniqueness of place. Hydrol. Process. 34,
3608-3613.

Boulariah, O., Mikhailov, P.A., Longobardi, A., Elizariev, A.N., Aksenov, S.G., 2021, Assessment of
prediction performances of stochastic models: Monthly groundwater level prediction in Southern
Italy. J. Groundw. Sci. Eng. 9(2), 161-170.

Bowerman, B.L., O’Connell, R., 1993. Forecasting and time series: An applied approach, Third edition,
Amazon Publication.

Box, G.E., Jenkins, G.M., Reinsel, G.C., 2015. Time series analysis: forecasting and control (Vol. 734).
John Wiley & Sons.

Chen, S., Huang, J., Huang -Chuan, J.R., 2023. Improving daily streamflow simulations for data-scarce
watersheds using the coupled SWAT-LSTM approach. J. Hydrol. 622, 129734.

Cho, K., 2014. Learning Phrase Representations using RNN Encoder—Decoder for Statistical Machine
Translation. arXiv preprint arXiv:1406.1078.

De la Fuente, L.A., Ehsani, M.R., Gupta, H.V., Condon, L.E., 2024. Toward interpretable LSTM-based
modeling of hydrological systems. Hydrol. Earth Syst. Sci. 28, 945-971.

Fang, J., Yang, L., Wen, X,, Li, W., Yu, H., Zhou, T., 2024. A deep learning-based hybrid approach for
multi-time-ahead streamflow prediction in an arid region of Northwest China. Hydrol. Res. 55, 180—
204.

Ghezelsofli, H., Jandaghi, N., Ghareh Mahmoodlu, M., Azimmohseni, M., Seyedian, M., 2022. Modeling
and forecasting of monthly runoff in the time domain (case study: River basin Gharasou). Environ.
Erosion Res. J. 12(3), 165-188 (in Persian).

Hauswirth, S.M., Bierkens, M.F., Beijk, V., Wanders, N., 2021. The potential of data driven approaches
for quantifying hydrological extremes. Adv. Water Resour. 155, 104017.

Heshmatpour, A., Jandaghi, N., Pasand, S., Ghareh Mahmoodlu, M., 2020. Drought effects on surface water
quality in Golestan Province for Irrigation Purposes, Case study: Gorganroud River. Phys. Geograph.
Quart. 13(48), 75-88 (in Persian).

Hu, X., Shi, L., Lin, G., Lin, L., 2021. Comparison of physical-based, data-driven and hybrid modeling
approaches for evapotranspiration estimation. J. Hydrol. 601, 126592.

Hyndman, R.J., Khandakar, Y., 2008. Automatic time series forecasting: the forecast package for R. J. Stat.
Softw. 22, 1-27.

Hyndman, R.J., 2018. Forecasting: principles and practice. OTexts.

Jandaghi, N., Azimmohseni, M., Ghareh Mahmoodlu, M., 2021. Rainfall-runoff process modeling using
time series transfer function. Environ. Erosion Res. J. 11(2), 111-128 (in Persian).

Jordan, 1.D., Sokoét, P.A., Park, .M., 2021. Gated recurrent units viewed through the lens of continuous
time dynamical systems. Front. Comput. Neurosci. 678158, 15.
https://doi.org/10.3389/fhcom.2021.678158

Kilinc, H.C., Yurtsever, A., 2022. Short-term streamflow forecasting using hybrid deep learning model
based on Grey Wolf Algorithm for hydrological time series. Sustain. 14, 3352.

Latif, S.D., Ahmed, A.N., 2023. Streamflow prediction utilizing deep learning and machine learning
algorithms for sustainable water supply management. Water Resour. Manag. 37, 3227-3241.

Li, G., Yang, N., 2023. A hybrid SARIMA-LSTM model for air temperature forecasting. Adv. Theory
Simul. 6(2), 2200502.

Lin, Y., Wang, D., Wang, G., Qiu, J., Long, K., Du, Y., Xie, H., Wei, Z., Shangguan, W., Dai, Y., 2021. A
hybrid deep learning algorithm and its application to streamflow prediction. J. Hydrol. 601, 126636.

Luo, J., Gong, Y., 2023. Air pollutant prediction based on ARIMA-WOA-LSTM model. Atmos. Pollut.
Res. 14, 1-13.

Mateus, B.C., Mendes, M., Farinha, J.T., Assis, R., Cardoso, A.M., 2021. Comparing LSTM and GRU
models to predict the condition of a pulp paper press. Energ. 14(21), 6958.

Moriasi, D.N., Arnold, J.G., Van Liew, M.W., Bingner, R.L., Harmel, R.D., Veith, T.L., 2007. Model
evaluation guidelines for systematic quantification of accuracy in watershed simulations. Trans.
ASABE 50(3), 885-900.



VE-0 ) o )lad VA ul> el Ca ke g g [ VFF

Nacer, S.M., Nadia, B., Abdelghani, R., Mohamed, B., 2023. A novel method for bearing fault diagnosis
based on BiLSTM neural networks. Int. J. Adv. Manuf. Technol. 125(3), 1477-1492.

Nazeri, Y., Jandaghi, N., Ghareh Mahmoodlu, M., Azimmohseni, M., 2023. Relationship between rainfall
and groundwater level using time-lagged regression. J. Water Soil Conserv. 30(2), 27-49 (in Persian).

Parisouj, P., Mokari, E., Mohebzadeh, H., Goharnejad, H., Jun, C., Oh, J., Bateni, S.M., 2022. Physics-
Informed Data-Driven model for predicting streamflow: A case study of the Voshmgir Basin, Iran.
Appl. Sci. 12, 7464.

Sarkar, N., Gupta, R., Keserwani, P.K., 2022. Air Quality Index prediction using an effective hybrid deep
learning model. Environ. Pollut. 315, 120404. https://doi.org/10.1016/j.envpol.2022.120404

Schuster, M., Paliwal, K.K., 1997. Bidirectional recurrent neural networks. IEEE Trans. Signal Process.
45(11), 2673-2681.

Velarde, G., Brafiez, P., Bueno, A., Heredia, R., Lopez-Ledezma, M., 2022. An Open Source and
Reproducible Implementation of LSTM and GRU Networks for Time Series Forecasting. Eng. Proc.
18(1), 30.

Wang, X., Kang, Y., Hyndman, R.J., Li, F., 2022. Distributed ARIMA models for ultra-long time series.
Int. J. Forecast. https://doi.org/10.1016/j.ijforecast.2022.05.001.

Workneh, H., Jha, M., 2025. Utilizing hybrid deep learning models for streamflow prediction. Water
17(13), 1913. https://doi.org/10.3390/w17131913

Xiang, Z., Yan, J., Demir, 1., 2020. A rainfall-runoff model with LSTM-based sequence-to-sequence
learning. Water Resour. Res. 56(1), e2019WR025326.

Yang, S., Yang, D., Chen, J., Santisirisomboon, J., Lu, W., Zhao, B., 2020. A physical process and machine
learning combined hydrological model for daily streamflow simulations of large watersheds with
limited observation data. J. Hydrol. 590, 125206.

Zhang, G.P., 2003. Time series forecasting using a hybrid ARIMA and neural network model.
Neurocomput. 50, 159-175.


https://doi.org/10.1016/j.envpol.2022.120404

