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ABSTRACT

The fluctuation of groundwater level is one of the important criteria required for decision-making in many water resources exploitation
models. The lack of reliable and complete data is one of the most important challenges in analyzing the decline and predictions of the
groundwater level in water management. In recent years, the use of different numerical models has been noticed as a reliable solution. These
models are able to estimate based on extensive statistics and information and based on various land maps and measurements such as pumping
tests, geophysics, soil and land use maps, topography and slope data, different boundary conditions and using complex equations. The level of
groundwater in any region. In the present research, first, by using available statistics and information and maps, the fluctuations of the
groundwater level of Songor Plain were simulated by the GMS model, and the accuracy of the model was evaluated in two stages of
calibration and validation. Then, due to the need for much less data in machine learning methods, GWO-ANN and PSO-ANN hybrid methods
and LSTM and SAELM models were used. The results showed that the output of the SAELM model had the best fit with the observational
data with a correlation coefficient equal to 0.97, and it also had the best and closest distribution of points around the 45 degree line, and in this
sense, it is considered the most accurate model. Therefore, to predict the level of groundwater in the whole plain, instead of using the complex
GMS model with a very large volume of data and also a very time-consuming calibration and validation process, SAELM model can be used
with confidence. This approach greatly helps the researchers of the groundwater sector to predict the changes of the groundwater level in dry
and wet years without using numerical models with a complex and time-consuming structure using artificial intelligence with high accuracy.
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1.Introduction

The fluctuation of groundwater level is one of the important criteria required for decision-making in many water resources exploitation
models. The lack of reliable and complete data is one of the most important challenges in analyzing the decline and predictions of the
groundwater level in water management. In recent years, the use of different numerical models has been noticed as a reliable solution. These
models are able to estimate based on extensive statistics and information and based on various land maps and measurements such as pumping
tests, geophysics, soil and land use maps, topography and slope data, different boundary conditions and using complex equations. The level of
groundwater in any region.

The studied area is Songor plain in the west of Iran, located at a distance of 100 km northwest of Kermanshah city (Figure (1)). Songor plain is
one of the fertile plains in Kermanshah province, whose needs are provided by two systems of surface water and groundwater. Part of the
water needed in the plain is provided by Shohada Dam and the rest is provided by 278 deep wells dug in the south and west of the plain.



https://orcid.org/my-orcid?orcid=0009-0008-4199-4431
https://orcid.org/0000-0003-2624-6829
https://orcid.org/0000-0003-2223-5591
https://orcid.org/my-orcid?orcid=0000-0001-7128-9970

i 2965000 Y
3
o
2883000

ENT ECS SIS |
% '
o Mt H
\
il e !
V
—Z e Slllan dilna !
g 7 N It i
7 3 g
] R W/ ) L
\ ’ '
| G / |
H \ = I8
g SN _z g
] ) et LI
' '
\ /
\ 3 /
J ¥
W 710000 723000 36000 749000

Figure 1. The location of the study area

2. Methodology

In the present research, first, by using available statistics and information and maps, the fluctuations of the groundwater level of Songor Plain
were simulated by the GMS model, and the accuracy of the model was evaluated in two stages of calibration and validation. Then, due to the
need for much less data volume in machine learning methods, GWO-ANN and PSO-ANN hybrid methods and LSTM and SAELM models
were used.

Based on the general direction of the groundwater flow in the entire Sonqor plain, the grid direction was considered to be 250x250 meters in
the north direction. Therefore, the model network was built with 2596 cells (44 rows and 59 columns) with 250 meters intervals, which
included 908 active cells and 1688 inactive cells. In this study, the general head boundary package was used to simulate the entry and exit
borders of Sangar plain. In this package, the inlet or outlet flow is affected by the hydraulic gradient at the boundary and the conductance of
the boundary cell. Using the prepared geophysical sections and the data log of the wells, a bedrock map of the plain was prepared. Also, the
DEM map of the plain was used to determine the upper limits of the layer in the groundwater model. In the GMS model, the WELL package
was used to simulate exploitation wells in Songor Plain (278 wells) and well cells were identified. The recharge of the plain is one of the
important parameters in the groundwater model. Usually, due to the different characteristics of soil, geology, vegetation, rainfall intensity and
the slope of the land, the amount of groundwater recharge is different in different places. In the GMS model, the RCH package is used to
consider the recharge. The zoning method was used to estimate the hydrodynamic parameters of the aquifer. The zoning of the area for
hydraulic guidance and specific yield was done based on the well log, exploratory and piezometric wells, as well as geophysical sections
prepared from the area. According to the type of soil and sediments of each zone, the initial values of hydraulic conductivity and specific yield
were estimated. Finally, after performing the calibration process, for each zone, the optimized value of hydraulic conductivity and specific
drainage was taken into account. In the groundwater simulation section, after the calibration and validation tests of the model in two permanent
and non-permanent modes and ensuring its accuracy, the final zoning of the main parameters of the model, i.e. hydraulic conductivity and
specific drainage, was prepared so that the model can predict the changes in the groundwater level for 6 years. Simulate consecutively.
Because all the required information was available for 6 years (October 2019 to September 2015).

3. Results and discussion

The results of calibration and validation of the GMS model in transient state during the 6-year period from October 2009 to September 2015
showed that the model is able to accurately predict the changes in the groundwater level due to the stresses applied to it. So that the value of
RMSE considering all simulation months is around 0.42. The results showed that the output of the SAELM model had the best fit with the
observational data with a correlation coefficient equal to 0.97, and it also had the best and closest distribution of points around the 45 degree
line, and in this sense, it is considered the most accurate model. Therefore, to predict the level of groundwater in the whole plain, instead of
using the complex GMS model with a very large volume of data and also a very time-consumingcalibration and validation process, SAELM
model can be used with confidence.

4. Conclusions
This approach greatly helps the researchers of the groundwater sector to predict the changes of the groundwater level in dry and wet years
without using numerical models with a complex and time-consuming structure using artificial intelligence with high accuracy.

5. Conflict of Interest
Authors declared no conflict of interest.

Cite this article: Al-Suraifi, A.R.J., Shirinabadi, R., Rabiefar, H.R., & Najarchi, M. (2024). Prediction of
fluctuations in the groundwater level of Sonqor Plain using machine learning methods, Advanced
Technologies in Water Efficiency, 4(1), 99-118. DOI: 10.22126/atwe.2024.10418.1117

Publisher: Razi University © The Author(s). @ )

NC




1 639 0y 3 by G (9l

,\'\_/, YVAY-¥4¢¥f Iu,-{:i)jg‘ L https://atwe.razi.ac.ir '« i eli.:} U};,,{Z],

Comilo (5 350U S g 5 3 0N b sk i (w3 923 T 31 5 Sl (s gt

3 Y

., ¥ 2 . X 1 . & . ) -
2l o (8 (camy Loy dwes ST (00L] (g e LSy U gl Slga Jguy (wlie

W sl Sl oSty gz 5 Ny (it g pole 3 il At 9 Sl Je Sl S0 5 lies (piine 09,5 (e (it 65 il
abbasalsarifi@gmail.com :asbll, .l 0l <)l o5

5 5 el AT oSl cogin (s sy ige g pole )3 (Sl a9 Sl Jae SliioS Sy g lyes (udine 09,5 Gl Jsus ot g”
re.shirinabadi@gmail.com :asbLl, .l

:AAUL{]) .Qlﬁl ‘Ol)‘?; ‘Ol){;" 4@34.\»] Jl)‘i ol&uisls (g (Jl)‘?; J.>|5 (ko g 3919 2 L;}L» A 9 d}"w’ JJ.A ladss )‘f),o 9 Ol).«.ﬁ (ewige 09; ‘)lial:.wl‘"
H_rabieifar@azad.ac.ir

mohsennajarchi@yah00.com :asbbl, .|yl «S1)) 81} soly oMol 313 olKiils «ST)) anly ¢l o (cwdines 09,5 ¢ luutils *

CRVCES

-

2905wl OF lie Sl (gybyepe sladde Sl (Sl 33 S ly Lidyge e lasls Sl ueipj T Sl bl
23 Wl b sl O Copie 3 uejps Ol 5l o o in g <8l golSlg 50 aille cp pere 5l JolS g dlazel BB claodls
SleMbl g )bl wlol 5 by Jse cpl 305 5,8 an 93,90 el b )Kaly O lgicdy ol atuslyy caliste (ooae (glaJio I ol
slodls (Sl 605 g S sladid « 558655 <jloy dl.&su}:gl‘o)'] Wlo o oo (sl S0l o add wlol g 03
G ) ke (Mt y2 ) (neipj O Sl wedS 4 0 oy SVolae I (S0 g il (5550 bl b g S 95
3> g 15 Gloans GMS Jso g yaiw cusd wojpj ol 515 cllog dgnge slaaids g SleMbl ¢ ol 5l oslatul b Il psls
Sk Slagby) > peS b 03l w4l > 4 e 85 )8 L) 3y90 (oo g (oxiwly A pe 93 )3 e
M s wls cé)3 8 ooliwlyyse SAELM 4 LSTM (sla e g PSO-ANN 5 GWO-ANN 4 un sla i) < pile
9 oot shd emed 0g AV L ply  Sen cops b Slalie gleodly b 35l opyiee bl SAELM s (295
G 1 0gd o Cgumone odlituldyge (sl oy > Jdo (580 Hlai cpl 5l g g X2y ks Qb o bl SusTy 5 Sop
g Pxely 218 zmen 9 0L Jhaw (slaodls @ b GMS ooy Jio ) oolial (sl s JS 3 (wejpj &1 jl5 mobe
Ol oo e 4 (03b SS 3,509, ol )5 odlizul SAELM Jas 5l luabl b olgi o ey 33 p5¢By jlaw omwcoms
Ol 3l Olss YU cds b egias yoea jl odlitwl b 1 5cdg g ot Hl3lo b (odae ola Jue 5l oolisul (90 b aiS' oo e
Hled Gmoie § g S gladle 13 1) (e

SAELM LSTM wy,n sloJae GMS ( os s ol 515 gl gWojly

iy dlis tle 45
VEY 05508 oV 3 Saig SN ol V¥ oY Wil VWY 18 By VEY gy Yo Mol VEY 3TV 1Bl >t alslu

65 sla by 3l oolatul b yiiw cusd guejm; O 5 cblog duia (VFF) o ()10 g g Biomny oy «odblipmd g oy oo pall D Uw]
10.22126/atwe.2024.10418.1117: Jlums awlis AV (MF ol e pprg0 33 4iri csla g5l opmile

OB N g5 © &5l ol 1 sk
BY NC



https://orcid.org/my-orcid?orcid=0009-0008-4199-4431
https://orcid.org/0000-0003-2624-6829
https://orcid.org/0000-0003-2223-5591
https://orcid.org/my-orcid?orcid=0000-0001-7128-9970

WAV (V)E VLY ol (59 0500 53 8y S1o (59U /5], 08 5 syl |

Ao

4 Endlole ol ual o)l cel bplssal jlolulil e ooy e 9 (aw slac] glie Codgizes uman 419, Sl
S 9 siaimo «(55915 slaculad Laglsol 3 ol mas b1 bl ogde ol ond 42335 oo )3 oyl (xnb i
]l cablis g ()13 ymoyt o pde (bS5 (ooS il dals] 6 puSol (sl 45 AS o woos gl & |y ailisea (slmoriy V]
Jade 3,15 3y b o &5 ablie ;0 oS (oyta8 b 0,8 )8 508 slagiayaalin )3l g ol G lsisdr Bl (e 05
ey Sl Ghlie (B ) &Sgpsboar <85 )8 argidyge yiakae il (lsisdr (ieinj ol abie jl dlitl el o5
ot Sl 2yl 1l ies s o wlie Sl oslisel g e (S3s8ab sl 11 b e gmie O (el e S lyiees
e 59) 1 g 3l (26 Sl sl pslatedns 29 488 IS T oS g S el )3 pogas (e o Sllug 33>
alie ol 3l aite e 0 658 Sl e (il el 5 (0l il (S 4 5 oS bl dp e sl
9 i slacl plie (Sgyiom ) (gjludnd jlaiods (Mo (S pgmels 5 o0k slate p3l (oo )3 235 oo Coguona
el 43,5038 423,90 (o O Sl Sl Gty

oA Ay 9 (515 (Sbe

95 S Clogad (lacme 5 65 blpd asle il Jelge Sl glasgacme an3 o0 (LS e300 oo iy N9y (y
i glmyiel)ly s )3 ol by g ish 097 el (Selgpien slayiohly 0ud b gaw g 4bg) dblie sl (Sgpan
5 Sy ¥V dobilind g Slhugy) st 50 o5 Ol 5 Ol Silodend 3 0 g ulibines o B S a8 Jelse sl
u_il )] d)l-l_w (Y‘Y\c ARAAE ‘AO])KQ.Q 9 LS)’)‘ 9 JYeV¥ c\cob&oﬂs 9 L.F’l)J HEA A cVQLLw» 9 L.!’I); WYYy YeVY Ny cvol)&oﬁ
5lwodlol g iy d i liste @l )3 g Wldsbarwgs dgaxe Juoli (o3de (g, live p GMS 5 MODFLOW 5k s e
GYoVY FoVY & lSan 5 590 juse Vo VY 7 el 5 daso) 1500 5l ols 5 kil S ol (6L (63959 sladdis g cleMb
.(Y'Y\N 4\"_)])&.0.& 9 L?MS 9 PARANE ‘i9bw 9 =) WYoVY VoYY cAol)&o.ba 9 d&))’.o

S sladlo > (ej Ol il Slid gt 5 el 5 2 0Bk 5 Lo 28l cadlil slajially sy 2l i
aipjp g oloj an s dheej ol )3 ine gl gl § A8 o Sodzn |y Egdge (o5by il 3l edlital b Loyl oyl 58 cos
(Y' VO c‘rol)&nﬁ 9 JSS}‘.QJ 9 ARAYS c‘\ol)&aﬁ 9 L.w).w) .))].) dbb)

9 u_‘>r.]a_w UT )| C,._wl.)); J_’LM )_’] )P 9 ugb.d) dL&sJ.\_n )I odlal (Sx0)2) 9 L;’X.Ew LSLQUT )K.’lbuﬁ)& JoLJ)l )Jol> LY
5 o Ol L bdye st cla ol )b g SleMbl 3,8 adlil diajls 5 8,5 )15 - liie 4o 433,90 lgsol 5 lypusd p ey
PolSan § 65 9 VYW T HLSen g zyen YN0 T LS g plalS) st ywyied jd SleMbl ol 2 &S cl e
(Y15

1Yosefvand & Shabanlou
2 Poursaeid et al

3 Goorani & Shabanlou
4 Torabi et al

5 Azizi et al

6 Mohammad et al

" Azizpour et al

8 Mazraeh et al

9 Rajabi & Shabanlou
10 Fallahi et al

11 Shrestha et al

12 _emieux et al

13 Graham et al

14 Jorge et al

15 Xieetal



e e o T S G 7 g e

5l sl e g (e OF gla o Jlasl s IS ) (ooj Ol S5 Sl st sl «Dliios (B 0
ailato (lojob (iludend Cojo Cusl (ooj ol e 5 05 e O e Ll il Cosl 485 g0 eldld g gludl 40l
Jolgd 13 1) (e 5 (e Sl o ol Sl o Cunl ) (nj05 9 (b Ol ond S Jae 0 S gludlyi 5 eldl
9 Loodls Sl (g il 4y Lo Jods an Lol soles duslons adlaie 12 55 (GglgileddSg)am oS (M (bl ilisee (Sle 5 (SLej
oo g AIV-Y- O ollan g eis)) Comd pulyolSel loglysel J) il 53 U39y ol sl oam sloastis

Sl 45 Cal (i 5 (e O galie dogy (Slapiuns 4 byiye PBlus Sl ol (U155 50 (silosnnd slodgy Cojo
TS 25290 CasBly (ol 1) odimy (Sl Ailgy 45 010338 (Gilwaned 5l din b G 4l W s oamy <Yols 5 Ll
Ceadf S b Jao oyl \/9‘*’“ a8 515 399 cams (gilw e 20Ty )5 sleel il jobaieds |y Jho dmwgs > <8 pb ojll )8 4 g 03>
YoV oyd g atunl 9 oV NF Fylas g ylal €Yo TaugeSpl V15 T Slon ¢ gn) Aitun

o STl 00ba S Jai )3 Juo )3 &S L3l (i ol 3l odz Yl Sl (Sas (] )3 5 (Bly s S B

Pl A8 @l o8 sl dija <8y Bpo b Jlopne)d g 4l (oF SNl e 4 5l o (eolesel BB g o3le sl by, (b
oMl (g (dejpj 55 e by ol 3150 sl Sl Hla BL aily (3L sl Jue g (o335 Sy, b dnlie
PLBYL i b g a8 oloj 4o Lol dad o &l s (gl (o8 adids 5 0dgs (1Sho (6w SO O ygody Yaaro (gjlwdnd slo o
5 it 9 VNV ar 5 (lajsS VYV g3l g Glal) aiid (oojinj Sl 0335 w5 (i ol Sllog (i ot
(Y02 K

MoSen 5 6,3 5 ¥ oY N LSan g il (s YV & LSen 5 zlodl) StlS sl slaig) SIS 8] slaJls
(i Sl S sLaba) SORELM ELM « GMDHUSLe e giae gt o site (slasbs) Sl 03,08 g (V41
ol oadodlisiol (onj ol g (e il Ol i Sl g esag) (e ( Sk dod A8l (SfelgiladS g,0m (sla oy
5 piio ol,S Y5 (o)) LSan 5 zlaml ¥ A b San 5 3l s oYo¥Y ool Sam 5 llabo YY) 07 ) S 5 lelows)
5 3l 9 VoYV M LSen g oaljle Y18 OV LS en 5 erdas Yo VA PP obilad WYY 005 5 cupd YR T e
sl yebly (i sl o5 glposly pe 4 L s YU Jres coo s s s le (6050L (slang, (VoY e
YV (ohlSon 5 (VL 03 (sdazma)gi) Slosdarog (6345 cuies kgl (o)) ol Sl Sllog g bailisg, (23 «slgileslS g,0m
NURS A AR ACOUSIRIN IS 2% L JRATEA FCOUNIRNY IR 28 1 QO OV VIR 28 o o N CORNIRP I JUR 2% 4 SRS ORI A

1 Zeinali et al

2 Hu & Huang

3 Ivkovic

4 Pahar & Dhar

5 Bayesteh & Azari
6 Bear

7 Soltani & Azari
8 Guzman et al

9 Nadiri et al

10 Ebtehajet et al
11 Zeynoddin et al
12 Azari et al

13 Esmaeili et al
14 Gerami Moghadam et al
15 Gharib et al

16 Shabanlou et al
17 Azimi et al

18 Alizadeh et al
19 Zarei

20 paul et al

21 Bilali et al

22 panahi et al



WAV (V)E VLY ol (59 0500 53 8y S1o (59U /5], 08 5 syl |

g iy balid ci s aeils plosul g )3 eadan S IS ok (slaae cu ST amd oo Ui oadplul Gl o)y
sl aalllaod jge dibaie (ols Laulyd b T Blbasl pjins Jde (3905 (63,8 Mos 5 ol ailaie ] &4y bgyye (slodiss 5 ol
5 5By Yl 52l 48 oo ] ) (s Como g (amily 21,8 plsl g3l nien g jlinyge S g el ol o S
5 Loodls jloslatwl Ly 5 pseS laj 53 9 € plon L il (25L) sladde b dualis )3 85 0050l gy S 5l ool el oomy
Sl BLS GleMbl laceis I gyl 1 ()b 1wl caal Pl Jlaw e gwpin |y (uejp; o Iy cbleg jab oleMbl
g )55 5 (LS B L 005 g2y e Sl ot sl i Ol e (et (ildend 5 (Sgyae s
S5 cblog npte e @oie Joe @b b ol dulie 5 ciSile I3l plgisas (osian Shgn il 5l edlitel Gidos ol 5l Bun
o s ¢ 15 3Lzl SAELM 4 LSTM (cla Jio s PSO-ANN 3 GWO-ANN o (clo g, 1 buoly ol 53 sl oot
)5 )18 awslie )50 GMS (goae Jio b

OR95 99,

ol (V) JSKs 53 oS cawl olisle S oyl s oy Jlod (65209l Voo alold p3 Bly ol ye )3 i Cubd dalllasd yge 039050
O g o o] i 93 bawg )] L 45 0dgs olisle S kil e3game 4> ol (slacuds I (SO i cusd .l oadosl>
Cubd g g Gras oy VYA buogi o il 53,5 (o0 (300l 1t s Laogs s 33390 Ol 1 oy 93,5 (o0 (3000 (052
u.&b).j w&lf 9 alss y d)]b){o).g‘.f Lg‘.mol% U (owy ) 0392 C)JoJ)ls o)lw aS LSJMS..M 5! us"' 'bb)fu" L)?“U JJ‘o.\.\f:).b
i) o s 315 g 69, Ol s Yl (Sdgyien (oS slml &g 3 sl Cubd (agix (Pl )3 posasy bailssy,
il ity el (Bl 5l S e iy GBI el 4 WSy, culs (3 leel (yf g g 4l Sl Rl Bl
b adhio ol ) glgsel g alag, Jobs ond el cuds Jlas sblie 3 lgsul & (xdaw O 3485 g ligd o lawg didlate
g AB3gy LSl awyp 4 5L el Eouas (be Hldle wlel p oL cBs by el Jie &)U L0 olyen oo Saoe
O u.;.l}\y' )‘\ OL;.:AJO] d]).g (§i0 C)?-l 5 Lol Coonl l;.‘sl> s u‘”l") s Jre b RVE % OYoleo SoS 09 9 obﬁ;ﬂ
88 518 b5l 3y90 GMS siile pine (Lol sla e b aualie )3 lagl 5 )Shoe ola o

3858000
°<.< {
3 .
FT /™~ N
A
y %
A -
™
RS
’Q& - & “
\ \
™
3858000

g i g
4 el NS 5
3 YA oL L]
°
\
s s 4
| § I B
N8 , I g/
N
~ X 710000 723000 736000 749000 - %
-

Slallas adlaie Condge N S



S 5 i T e S i oI5 g e

iy 2l Jae Célu
1 ah 4,8 s ) 0 YxYD aSd Jlasb (sliasly )3 (s10aSed ey cudd S ) (ajp; ol by (oges Ca bl
Jlbyed ol VA 5 JUeb oo QoA ol 48 05 atlos yia YD+ Luolghly ((ygis DR g cind, FF) Job YOAS 3185 | Jbo (siodSinid
L 63959 ol (3 dan cl )3 a8 oMl ple ) 5y s Sl jie Cudd (2955 9 (63959 S ye Silwdend lp addlas cpl )3 9.
SleMbl (LOG) Syl g onbdns (Sapdgs blia 5l oalial b ocal (sjp0 Jobo oS B g 550 )3 (Sgyhen (balyS 51 Slie 295
S8 olialdygo wojp; ol Jae ;> 4nY (Vb dgds s (gl cuds DEM i piomad 5 aupg cudy LS S 4t dlanols
oasuie ol sla Jolo o 0 ooliie] WELL atws 5l (sl> YYA) yie by jd (g)ld 0,40 slaols (giluand 1y GMS Jao 3 .cé )3
el o o wliB S il clam S Jodd o Yoane Cowl inojnj Ol o 50 mae sloyiolyb jl (S cuds 43s5 00,8
0955 sy sl GMS Jua sl cgliste najpj sl o 35 e cilisen bl 5 o s 9 (Sl b (alS Wby
aibaie (a0 (95 30,5 odlaiwl (cahy95 by 3 Oletel (Seelndgyin (sl yial )b s (gl 33,5 o odliwl RCH s jl a3s5
§ orbags (S5deps ablis (iran g (sytagin 5 AL (Sl slaely (5)lix Sgf ol 0fg (2l 5 (Sdg)hm colin
3 g Salodyd e 035 (a38 09 (] 5 (Slg)dem Colam adgl 3lis (55 0 Sligusy 9 SB i 4 drgi b 28)S plodl ddlais
3 o oi s il (s 53 b bbd ohg (bl 5 (Sgyam Colim esbaing e g5 b sl cmiwly Ll )3 el
Jie (ool sla ol )l olas sanaigg o)) €85 31 olisabl § ,Bsle pé g ,Ble clls 93 )3 Jio (i Como 5 (Suwly (slagyge)]
S 1 S glannd Jlsto Jluo & (el ) (injn ol Sl Sl Slsty Jao b ad 4 ooy anl g (Sdgyne colis in

Eyman (pigr e
ol 3 03l ladre o Saomn 4 425 b g obj Oledbl o (Al 5l ey 5 Gloj 3 (a2 ddye lp A5 WS & 5blen
A 0l jit EuBd )3 (e ol Sllog it Sln 3 Sshas G e gl S GMS (soe Jas 5y 0gMle adllas
2] Cmmad dy (gl i s> > @ly egin Vo Ol slmosls asgeca Sl s S ) e ol 5 blog a5 (sl laz
o=l Ol e Gblwg i ealiiul (VWA widwl L5 WYY 4 po) anle Y8 (gylol 0,93 <5 p3 cudd (o ol doly GBS g 0m

ool osbodls L () U5 3 Slllas 0,93 Jgbo )3 (S5,b 5 ¥ e ol dnly GBS g)0um dlas preg s

! conductance
2 grondwater unit hydrograph



BA-VIA (V) VET T 59 050 3 48y S (590 /5] Sod 9 oyl |

Grondwater Level (m)

1700 ()
1680
1660
1640
1600
1580
1560

0 18 36 54 72 90 108 126 144 162 180 198 216 234 252 270 288 306
Month Number

Pizometer Number: 1 —2 3 4 5 6 7 8 9 10
723500 728200 732900 737600
' ' humher Area (ha) Weigh;: N
1 23455 0.0407
G 2 wee oo A g 16m4 ) Unit Hvdroarash 200
s 3 27850 0.0484 2 g
S . 4 77473 0135 8 1643 d yarograp 180
5 921.82  0.16 ~ 1642 160
6 270.87 0.047 =
. 7 710.58 0.123 z 1641 140 P
§ W gz e 8 525.02  0.0812 > €
g - ws0is ,“w4-0.:35\“\ o reros oist g3 1640 120 £
3 T 2 Looa 10 72063 0.125 3 3 1639 1OOTu
8 N r ” S 1638 80
7 I wz:c.ng.m N -g 1637 60 &
\ s p S
= wr=0.123 T | W10-0125 | o 1636 40
(e M 1T
% WI0.0407 - . weomst Jumacen o . g 1634 U | ‘ ‘ ‘ 00l ‘ ‘ il 0
Legend O L 0 34 68 102 136 170 204 238 272 306
® Pizometer Location .~ ® 0 o 1 5 4 Kilome{e}s Month Number
I Thiessen Polygons s Rainfal Unit Hydrograph
723500 728200 732900 737600

do-ly 1S 5 ,0n (g Fas5m A 059 5 s Sl G55 (o amds 6l 20950 31 G o 55 e ;.JTJ'US Slle g (LY e

‘f:‘j‘)".). g.JT(m) ‘;J..;)Lv‘,(mm) IR BL ‘;wmﬁ 09> JS)A

3 g A s ogiin 2 05 23] Cesd 4 5 BIS Laome 3 (s sl (5SSl et e ol sy SIS g0

o5l e slp SAELM g LSTM ¢la e 3 PSO-ANN 3§ GWO-ANN  pn sla g, 5l lisyge cledbl gilais
by J& hale > (P) (Sl g (UH) Linespj o oly BIS gy0m slajioll ol cpl sl b oolitl cuds IS ) oo 5
OB a5 b ad w8 s 5 e (298 lsied pils ele 3 e Ol Sl palie 5 Jhe slacedgg lgieds cilise (la ST
S b (63959 caliseo dluai b Jdo jlislo oy yiao TESE (claodly lgicay laodls woys Yo g train (glaosls (lgicas Waosls woys V-
RMSE (g)l] slagasls I Jae cpyme obesl clp el cons 4 Slanlie claodld b Stwsed coyps cpyidn g bd 5

Sleadesly L (F) B (V) e¥oles 5o a8 4 oolizwl R  NSE NRMSE

n 2
1 .
RMSE= —Z (XOPs xsim) ()
n i=1
RMSE
NRMSE=—————— v)

obs obs
(XMax 'XMin



S 5 i T e S i oI5 g e

n 2 n
NSE=1- [ (0™ X5™) /)" (X0 X{8)? ™
=1 =1
b b. i i
R= / Z?=1 (Xlo S'Xg/[:an)(XiSIm'Xls\}I%lan \ %)

b b 2 : : 2
i P X B (X

Ske 5 4 Xifoam s Xifoun oo & boye oxbslousd cloodls X7 oloyn 4y byyje Slinlio slaosh X758
Caolodls S dluss N g 0ud g 5lwdis o (Slinlio glaosls

Yoy i j90] Crmnilo

ol o2& (YooF e rF) o Kon g Silgn Lawgi g 030 4Y S ¥ jouiy omae aSud S (ELM) siogp (j9e) opmilo
(2.8) US55 p2ysl ol I )kl a8 o e TS S0 |) (295 slagjy (Bl ©ygonr 1) (93959 sl ELM
gy sl (2o oy slp T bl 5l eslil pae (SLFFNN) 2aY 6 josuig mas 4 L ELM @glis ks couwl sasas))
Wil Y e gy @b Ohgod Llg o 5 by (gilw ld ob Col byl 0 b5 4 slaysp den b (3959 Y
LS o 03litl bl g y5g dmwle o alisee slagi ;o 5| ELM Juo ccl (Jod &gty (293 &Y 9y sl oS by
(e 0,5 Nl b 4 S5 joouing asdSud ool Chuog D) olpen 4 1) aSus [bjgel oloj angi B LialS asmisyy o
Pgd e Ol pj ©ypod;

fa(x) = Xt B;G(a;,bix) ®)

Plioss (298 Gai, biy X) 5 iz sloo)S (pjel (slaygS bi g @i (8 €R™) (g b 08 5 pl 1 o 05 (o (35 Bi oS
25 IS8 4 g |y Glai, biy X) Moanl8l Liste 05 (sl (Wbl o iliee glgl sl &) G(X) (il led @b sl X (6399 ]
D)5 (gl
G(a;,b;,x) = g(a;.x+b;) *)

Dgdise Jlosl J10js (999)9 i I (glasgerms &S Sloj 500 odlatel b 1195 sl (295 Amlre polaleds (gilu Jlb plg ]
adlas oyl 3« ELM (bs i giloJlb wlgs (Yo dageS ¢ (sdis) d9u s ool (gjlw Jld wolgs 5| gl (3] cawd 4 (¢l
s Wbl g (tribas) slze bl (SIN) wsiw (SIQ) V ageiw (ardlim) (ol b Jols conl 48,5 )5 o))
g oo iy (V) JSb & jge0d a5 el (radbas)

! Extreme Learning Machine (ELM)

2 feed-forward

3 Huang et al

4 Analytical

5 single layer feed forward neural network
6 bias

7 piecewise continuous function

8 additive

9 Pandey & Govind

10 sigmoid



QNI V)L VEY o (59 000 3 463y 510 (5,908 /5] 50 5 iyl |

Tribas(X) 4

5 Hardlim(X t‘
-w sin(ax+5) | rdlim(X) I
4 sin(a,x+b,) |- ™. 0 = I | =
- = T x X
¢ sin(agx+b)|—— — N

Radbas(X) €

///
/I’; //
/NN 4
Zi’_ii-i \‘l\_ * ///
()

P9 e duwlna ) Ay jl (odjgal iges K
ij=g(2 (WjiXik)+ B; v)

o &Y (g5 bl < By l] s Y (90 5 pll (6399 0195 039 Wii bl dtugy (o e (s3lo b b jo wlsi o0 G()
sl (obig0] Diga3 el K (gl (o Y 0195 ool | (53l Jled G ilo Hik g (o501 45905 ool K (6l (93929 099 5939 Xik e
J oo ol 3 5o @) ple ol lawgs Shigel 5 edlituldyge (sladiged (sl st Y slagygy den (il Jleb 45y ek
5 e aY Glosy on sy 298 ol ras 4SS (295 e Y il s H Gule ol s Koy o5t
Ggei b ly iz Y slam g slagag S plp o Ghisel b > Ban lie el Slaye Sl 3l 5l eslizl b (295
25 ol 25 S8 4 plgie |y ol (o3l Jolee oS 395 0 03 )16 ¢ odjgel
HB=T )
p=(B--B).., Q

Cwl L)")?‘T 6[3::4399.3 dl)f XV )iJL&a oJJ.mJOLZJ )]))g T 9 Cwl L) d.iY db"d)ﬁ); 9 ‘_5.?)95 4)”\/ 095 O 09 o,\&)ol,.i;j B oS
Do oo Gl (V) dalee jgody oS

T=(T,....,Tikx (V)
2,5 dlre (1) ol ) oo |y bagyjg Lol
B=H'T ()
:O] )J 4;
o~ G(a;,byxy) ... G(ap,bpxp)
H(&,b,X =[ \Y
( ) G(alablaxN) G(aL’bL’XN) NxL ( )
By !
B=1: and T=] : ()
BE Lxm TE Lxm

oossae 4 H' 5 oty Y 5 (e o slogygs om 039 P2 B g =a L a b =b,.. b X =x,.x <

Uoj9el &S S g5 oo ol Clonusgr d dn g b ] bjgel (sladiges slayig cp sl T .cwl H w5l MoOTe-Penrose
oSl el Y (295 dslre 5 Gy aY oy 4 bl 5 by (olad polaidl (Jsl o sl dl> se 9> Jols ELM
hi9el sladiges (glp Bun pdlie g H e 5le MOOIE-PENIOSE ogSae aus 3l odliul b (29,5 (slay59 duwloe pgd al> yo g H



| Opdle (5153 (S g, 51 a3kl b i Cudd haejp; Ol 515 Cllwgs S

S5 v Sl s 4y G VL ey Sl 4 gy Sl @y d(H) Slay 40Y e 0055 1oy g G390l g, cilise
S hjgel Gloj cnlplhy sl Jlayg8 0 S w0 1y St (sloatiae S s g5 @ ol 0 oS 100,18l S g il
(Vo8 «Slgn) ubo ol a5 BB Hsba,

55 s psS 3 S el yial,ly Ao 3300 (clniudgiome y asle LUl Liadss 395 &gty Ll LolSG ps oSl 51 oot
S (£9y9 S (iloding Caz (SAELM) 7 ankss 58 atogyei (bjel bl o2aygSl egylil -l |, trial Jls,, (o351
2L g mie 395 L olaiss ¢ ijge] (clmodly dsgasme yzild b ol oaiadly] (Y+18) ¥ o) e 9 SSlg Lawgs ¢ o 395 (sla wbl
a5 (NP) cuxen sla sy 5l ool b agl e il (jglate pds 3,5 cwwgs Jgo,8 |y SAELM 1o )6 o)lgs oo G(X) (sjloJled
Aoy ado o 4 JUSH (gl by it (Slamlie podlie b (i polie dualie b s 398 00 g5 S o 3 |y (e sladgs
S o Dy el iy ol e 4 e B T8 () 29 2 oo )90 dais sl 55 ) e 5 S5 e s

(LSTM) e wils—ie ol oS alidls (gaos (550U Jo

Jie Sy Selisge I bt Blo Jo sl o At oginn igh (sla Jie ) Megarmens) a5 o i
wle glllsy slaodly (gilw e sl LSTM (g)lone .l (LSTM) Tte silimcite olisS dlabls Sl «Bgpme Gros (5500
ool aladls S'ob S5 j0ky 0dn] Jnlie cwien lp s Oyt |y Sdesi ola Sinoly Blg o g Conl conlio Sl (sl gy
oxsdg @l g 03,8 JyuS 1y SleMbl ybys &S cunl o S5 ¢S cpaix I LSTM Jue sl onisadl)) (¥) S5 0 LSTM
hseld il a5 WS o S |, CF alibls clacSsly 4y (o395 (sloodls &5 Kb L2a 5 sBssld s9ys S ] 2,Ji8 o b
S50l dm sladn] s dolsl ol 5 g
Lt=tut=1 ;1 6,0 Oypods gom SYole jloslatol LY (29,8 dlis <G a4 X (63559 dlis & 1 ) cusls 6 LSTM
YoV 8olan 5 zu,55Y) dmd o plsl N0 =0 4 CO =0 aJy ,olhe

fi=o(WAL +Ush, +by) (\Y)

8t=tan iffli(ngAL’t'i‘Ugfht_l +bgf) (\ ())

@ ©9y9 SYLail gly iy Glagmple w4 WU el t-1 gloj )0 plaiy Joho cdls Rp_g g T oloj p3 oy (6399 Ape

A olel 4 gl g Ol

Sbyial)l acgeze by g U « Wi 5 a0 0 o)l |) Siend 0890 @l 6(0) el (V ¢0) 0dgine 3 podlie b aseas jlay S f

T olos o a5 Casl Jsho <l ey £V ) ojb b loyiands oy i CP0 S o iy dgeld aouys el |y S0l B

A )03 (63530 BB sla yiolyly slade gacme Deost 9 Ucont Woemst g cul Jolin el tanh (%) el sadamwlon
i=o(Wix+Uih+b;) (\5)

loddchy 15 (£39)9 450> (sl &S itwn (6 S0L BB o giel,b 5l clacgemme DI g Ul Wi sl (+)) 50 b (igely3 a5y it

20,5 ol Coundg (Jluyjeyd el V8 U @Yoles ol

¢=f;Oc, 1 +,0&, (W)

S o S ) O Jgbo Comdg s bl plyisar (298 40 5 Gl S pile olis bl s (slae 4, O
0=6(Wox+Uohe 1 +b,) (\A)

! Levenberg-Marquardt

2 Self-adaptive extreme learning machine algorithm
3Wang et al

4 Long-Short-Term Memory

5 Langridge et al



WAV (V)E VLY ol (59 0500 53 8y S1o (59U /5], 08 5 syl |

ht .JJID-\»)A_OJ).!) u_>9)> 0519)3 ‘51)4 oS Al d)j.)l) J)LQ dtm).m‘)l) )‘ d‘d&}om bO 9 UO cVVo 9 Cowl (\ ¢’) D)QJ&M 2 O¢
Dgd e dulns 5 O)yg0d

(%)

LSTM eslur Sy o5 £ JS

GWO-ANN g PSO-ANN &y (s J0

(Multi layer a¥az g5ty Jao mae sloased (b 5 olitul ol ity slobyy il 5 cnyosles 51 (S
095 pled b pl 3 sl 4l S5 (293 Y g plak 4V aix b S (e39y9 4V 5l & el perceptron(MLP))
Wy o S 1y JolS Vlasl b ass S M| Ot (pl e et dx Y sla ey pled @ Y sla
S pS e b (blue (pizmen 5 (Jad e Plue 350k Gl Wlgi oo 4V 0> (aSid @Y ST gy (mas SaSd
4 5L gy0plil 9 ol fy9y5 M sy 35 (69955 4 was (slomaSils o cplply Wil (She M (gl 03ld acgazme 51055, S duaie
25U dly ko b gy3 p 45 Mt Jitune (sla yuie modl degame (sla Sy Ngd oy Ua g3y 53 45 Cond 55 W 59 N
iy wpo Slles olon By ls (Wi, Wa,.. , Wh) (la g e gemee BNy 5L oo 4 (5950 09598 N il b Cpaiomeds 115,158 0
Cawd 4 ] gy pdlie g oddpMol oY plod )3 4 (slayje Wb e (93 350 wie (slp 90 plosl X gla 39y )
ol 2 B o) 3 (S )b 29 (35 sl slobyy loline (slld S & () b lagyjg 2ol 5 &ud (b0l elaiods ]
GWO- 5 PSO-ANN W pun Jso 93 1 s () )3 el 3yt Jdo G QB 5 (gilovdings v)s3I L MLP Jie S 5 die;
b Al e cand 4 (gl Coldy g S5 (gjlwaige slap ol lawg any slayie daJie ol Hlsle 55 b edli] ANN
Siws g b o dadl lad oy iaS & ey B Jde Jlidlo )0 s oMol g Wy .l RMSE jlade (gilwdies b Jde oyl ;5 Gaa
Do walats (bl cpl 2 w2 )oSUl 1SS

Lasl
$33 (55 lwad

Sl dlopo nl 3 b (riwcono g (oxiuly g (aa] g (Sdgren Colie i Jae ol gyl sl (ei o Jao
A5 odlazwl RMSE o)lol 5 jain csd jd slosnlin clacSals Jow 0 i) of jlp Shalie 5 Slawlxe polie o)lol duslie
Joe (i Como g (omiwly gl .l <150 390 53 S5l Jae p3 o)lel opl Hlade smd e L5 (B) JSS 3 iy ol 5 ol s
it B g 85 b S 3l L5 ((5) US) Y00 paliper 5 Y+ ST 51l £ g3 Jgb 3 5 8le e el 15 ivejj o
2 Silwans laole oled (48,5 a5 3 L RMSE o a5 gyob sl )] 0 oaiddylg (slay 25 51 j3 cwojps O 5l oy
RUWIRYA A gRYN TS



eile (550 s, 1 3wl b jiier Casdd e o 315 Sllwgi b

Error Summary
Head
Mean Error: -0.219
Mean Abs. Error: 0.601
Y Root Mean Sq. Error: 0652
A
o MODFLOW BG Symbols
1 Wed
| B *[+ 1.
[ | A A |+] River
__E‘ Lol A | Generaf tead
Head (m)
1679 k
1673
1668
1002 T
1656 .
1651
1645
1039
1034
1028
1622
1617
1611
1605 T
1599 e
+|+
|

0.8 0.8

06 + - 06 +

| WL
04 {47~ ’\\ g . 0a 17" ’@ \ ‘é’ _é\‘&# _
os 1 ’:' ' _& ’ N ‘j_ 1 ‘\\ |

% i/ 0.2 E

0.0 T T T T T T T T T I T T 0.0

oct nov dec jan feb mar aprmay jun jul aug sep oct nov dec jan feb mar apr may jun jul aug sep

RMSE
RMSE

W—L.J W‘J-J‘ 092 J*J}JGJ}[A_”.PC‘N’-JQ"UABJJAJA L.JT_}[).T leh:’-‘}\hn_)..\i w{;\:ﬁe_)\ﬁrﬁéuﬁ-\‘)g.:
e

JS 5 dilize slaole 3 1) ey of paw (gilwans glbs Slis g JBlis (ke polie a4 bayye clas lages () JS5
A o i cudd ddlaie

Eman ogd bl g (w05 O 515 S

e slaao b alio )5 uojns ol Sl Slej 0 i e (shas (e (oAl itk (sla b, 3l addllas oyl

yol opl )5 oy 1y odimn sla Jdo b o ybg,y opl (030l cubl ot b conl sadodliiw] GMS aile ogul (slosls v b sdux
Flo oo s o> 3 IS UM oSl b 5 s B o 506 sla e (55558 sl sllan Ll & Sl sl
29 b 9e3 it 245 B L ol ) (eejs o Sl Sblog «Sul s (slaisdgyg dus pobl 1 olst 4 5)sb sl Conl
B laole )3 (e Ol Sl g (SH)b alle claodls I oo 5 (oghas (her laghy) (ol 3 BT cpl Slaal 4
9yi) Cudd gmaiyn; o 15 laodld 15 Jae gy b odlitwl Jde 4 (6395 slaodly lgieqs (t-1, t-2, t-3, -6, t-12, t-24)

3 bl i (sl ol oddz] el b yiegin ;o Slalin clbodls ol 4 ol () yols olo ) ((iwejpj o sty BI,S



WY

BA-VIA (V) VET T 59 050 3 48y S (590 /5] Sod 9 oyl |

e cd )55 b5yl 5)50 R g NASH NRMSE RMSE (cla jnsls olul p laJse ol 5,Shes it cusd jd uojpj
o yasls ol av95 L SAELM Jso Jodo cpl (olel ool aaiadlyl () Jogdo jd b Jse ol 5l plaS o (dlyal jl Jobs mls
Dy 518 e s il pgd 03y ;3 ELM Jae o5l s sl g0jl 9 Gi5ge] Jolpe 50 b Jde ple a0 G (g ydin 8> (gl
s sy > gimn g o it S (Sl S s i o 5 YEX L LI 3 L5 Sl () S
P bli 55 g pabaie (iSTy ams o olis SAELM g LSTM PSO-ANN GWO-AN (o Jss 1 5 jo ¢l (o5l 2o
plie gloj (g bl cpl gl dJde pleo b duslie > Jdo opl yuiy s 5l Sl 55 SAELM Jso o Y=X ks Gl bl
ol (A) US55 s g bjgel Jolye )3 Shalio sloedls | aunlie 1> (SAELM) iy Jao Gobol y2 (nejs o 5l 00 b

Cawl 050313

150 PSOANN GWO-ANN
- ) £125 :
S 125 S
& £
2 < 100 L
'€ 100 £
E = 75
= & 50
@ 50 kel
=) i}
k3l g 25
E %5 | o = R?=0.8968
& ' R? = 0.8686 woo
0 L 0 25 50 75 100 125 150
0 25 50 75 100 125 150 Observed Rainfall (mm/month)
150 150

SAELM

75 75

a1
o
al
o

N
(8]
N
(&)

Estimated Rainfall (mm/month)

R?=0.9164

R?=0.8877
0 0

Estimated Rainfall (mm/month)

0 25 50 75 100 125 150 0 25 50 75 100 125 150
Observed Rainfall (mm/month) Observed Rainfall (mm/month)

s gh e s A Syt Sran s e 5 YEX o Gl o Ll ST, S8 Sl ¥ 2
Silwdde s d> 40 5



S gy ST S i 15 g e

ol s 5 T 55 setite 53 SAELM 5 LSTM PSO-ANN GWO-AN (sladus 3,Shes o3l ) Jsotor

S sl Jlie 5o ol gl astls

Input combination Terain Test
Model Type
GWL Rainfal RMSE NRMSE  NASH R RMSE NRMSE  NASH R
PSO-ANN t-1 t,t-1 0.5459 0.0827 0.882 0.942 0.5608 0.0696 0.865 0.93
GWO-ANN t-1 t-1 0.585 0.0817 0.866 0.932 0.5954 0.0713 0.845 0.919
LSTM t-1,t-2 - 0.5372 0.075 0.854 0.924 0.823 0.1073 0.722 0.858
SAELM t-1,t-2, t-3 - 0.3731 0.0521 0.93 0.966 0.4189 0.0546 0.928 0.966
Train Data - Targets and Outputs
» 1645 I T T
=1 Targets |
= ——Outputs| ||
3 / [ A
B 1640 - AN .
2
&
©
0 20 40 60 80 100 120 140 160 180 200
Samples
T 80
27 |
60
o 1 | \
S [
& 0 | J a
-1 ‘ \‘ ‘ 20+
-2 ‘ 0
0 50 100 150 200 2 1 0 1 2 3
Samples Errors
Test Data - Targets and Outputs
«» 1645 T T T T
=1 Targets
2 —— Outputs
=]
O
2 1640 [
@©
2
[}
[}
©
= 1635 1 | . | 1
0 10 20 30 40 50 60 70 80 90
Samples
2 ‘ 40
30
2 et |
2 20
w,l
10
-4 0
0 20 40 60 80 100 -3 -2 -1 0 1 2
Samples Errors

J=le 0> Glalie laesls L auslis 5

(SAELM) ;i 5 duo bl 2 wns 5 ST 515 ok by palie a3 5 m v JS

S 5 S5 90

i cpyieS b anle Y8 glol 0)93 50 ol audly B9, ol Aad 0 L SAELM egine osa Jao 3,)5 5 Jobs zuls
4 test ¢ train abs e 93 ;5 Gogy cpl ;> RMSE jlaie a5 gpobas bl s |y suwejpj ol 5 teSt g train Jolye p las



VY

WAV (V)E VLY ol (59 0500 53 8y S1o (59U /5], 08 5 syl |

e oyl aS dg </FY dgan > Al £ Bl yuf 0y90 48,5 Jas ;5 L GMS (goue Jas ;5> RMSE jluds g </¥Y 5 </YY sy
WSk SWoleo (wlol p (5l e sz 30113 51 (e pSo s g 5 olglyd slmodly g SleMbl 4 L5 90 SAELM  Jae sy o )L
2 it 090 Jsb sl 1S54 Y led gt 2bj B b g ey ) i ol Sl Slleg a8l ploj Bro b
ooen sl Jae 13 Lol gy olo VY dgan IS wleMbl 3429 pis g by (sladids g SleMbl jl amwg v 4 55 > 4 GMS s
0399 Jsb odls (1391 3250 ol LS o walitl o stog sy 00bed e f 515 5 o)l oMbl 5l o5 oSl s & o ghiae

A5 a5 15 )3 oo o8 i e

5 ookl b s g oode claJho 4 Cond oS jlus SleMbl o ol Sresidy 093 S5 (sl wosp o Sl e oSl

SB wlbibled olayiol)ly a5l ads cls pl 5ol Bz cpl sladygliws oy ke | (o (SL GleMbl g (g yi0g5m (slaodly
lodld dacslid ¢ bvdade daols ;I T cudly p GleMbl (g yld 0,0 (slaols (LOG) olSols o655 9 (sanar¥ SleMbl ¢ ol o
oo 5 (sly Sl ol auie g olos Bro (g g odm Sl g et 4y 5l (gt g (e g e Sl 1S
e S5y ppaasiis & (S)p Syl cul 93,500 it (Sgias Gigr slagbyy ol i o il (ol o
Nt dnlge el o b o8 lacdd b g odg 38> sl 5 sl Mol 186 &8 laglysel b k] 86 gaases )
ot pegad ) Glied))l s (hpde SleMbl oSl aiia g Gloj Bro b egias (hgn sla e I edlil b 15 1S oo
PSO-ANN GWO-AN) cguas jisn slaJro 3 Shae b)) bl o cons 4 55 g S sla Jlo 1> o o 515 bl
J3e b duslio > guejps o jl5 Gllog wiin 0 065 slan < by Jse opl sb olis i cuds » (SAELM 4 LSTM
«hlstest g train asyo 93 y3 </¥Y o +/YY 3905 3 RMSE laie L SAELM Jus da Jso cpl oy 5 &S (s y9b .85,1s GMS (eaae

W 48,5 s 30 LSO Ve e Olos cpying 4 ey (sl ))ST olass edlatily yge (sl s, (ol 3 Dgr B 1y i

S 5 4
Coonl 4y a2 g7 b sy Sl 4y (6508 lojte 3 aSd gad il jlibe L> 4 SAELM Jue da by aen e jl els (olol 5
onl o odlisuldygo egian Shgn slaie Bl o glie (O slajiall o ete S| S Blsisdr (ieejs Sl Sl Sl Sl bS]
CJLJ u»l.w‘ 2 D900 dpogs .))l..\3 d9>9 u.«ol.s) dLD:J.Lo )] odléswl u&ol LY u.]ml).w Pl L 9 4.:1.: )Loi 4518 d.‘ol.uo le).: P PRT ‘) L}MJ
lesul g 6839y 5l Al gyls 0y 3,509, b Slllhe sblie plo sly 1y suivs ol ,d odbodls dawg (sla o )lg3 o odelcawndas
9 i) 9 daw Ol LSy Sl awyp slp sdzms SVolee g Lalgy 4 5L 9k g ol pd b dledidin 5 ke cubs Al
by cdd b 5 g Sid slaoygd jd addllaedyge cubs (1) uwejp; ol 5 olg e (SN, slaodls ¢ (gyregim SleMbl wlul s



Oele 553 oy jl 03litunl by i Cudd ) Ol 515 Syl Fuphe

References

Alizadeh, A., Rajabi, A., Shabanlou, S. Yaghoubi, B., & Yosefvand, F. (2021). Modeling long-term
rainfall-runoff time series through wavelet-weighted regularization extreme learning machine. Earth
Sci Inform, 14, 1047-1063. https://link.springer.com/article/10.1007/s12145-021-00603-8

Amiri, S., Rajabi, A., Shabanlou, S., Yosefvand, F., & lzadbakhsh, M.A. (2023). Prediction of
groundwater level variations using deep learning methods and GMS numerical model. Earth Science
Informatic. https://doi.org/10.1007/s12145-023-01052-1

Azari, A., Zeynoddin, M., Ebtehaj, I., Sattar, A. M. A., Gharabaghi, B., & Bonakdari, H. (2021).
Integrated preprocessing techniques with linear stochastic approaches in groundwater level
forecasting. Acta Geophysica, 69, 1395-1411. https://doi.org/10.1007/s11600-021-00617-2

Azimi, H., Shabanlou, S., Ebtehaj, I., & Bonakdari, H. (2016). Discharge Coefficient of Rectangular Side
Weirs on Circular Channels. International Journal of Nonlinear Sciences and Numerical Simulation,
17(7-8), 391-399. http://dx.doi.org/10.1515/ijnsns-2016-0033

Azizi, E., Yosefvand, F., Yaghoubi, B., Izadbakhsh, M.A., & Shabanlou, S. (2023). Modelling and
prediction of groundwater level using wavelet transform and machine learning methods: A case study
for the Sahneh Plain, Iran. Irrigation and Drainage, 72(3), 747-762. Available from:
https://doi.org/10.1002/ird.2794

Azizi, E., Yosefvand, F., Yaghoubi, B., lzadbakhsh, M.A., & Shabanlou, S. (2024). Prediction of
groundwater level using GMDH artificial neural network based on climate change scenarios. Appl
Water Sci 14, 77 (2024). https://doi.org/10.1007/s13201-024-02126-1

Azizpour, A., Izadbakhsh, M.A., Shabanlou, S., Yosefvand, F., & Rajabi, A. (2021). Estimation of water
level fluctuations in groundwater through a hybrid learning machine. Groundwater for Sustainable
Development, 15, 100687. https://doi.org/10.1016/j.gsd.2021.100687

Azizpour, A., Izadbakhsh, M.A., Shabanlou, S., Yosefvand, F., & Rajabi, A. (2022). Simulation of time-
series groundwater parameters using a hybrid metaheuristic neuro-fuzzy model. Environment Science
and Pollution Research. https://doi.org/10.1007/s11356-021-17879-4

Bayesteh, M., & Azari, A. (2021). Stochastic Optimization of Reservoir Operation by Applying Hedging
Rules. J Water Resour Plann Manage, 147(2), 04020099. http://dx.doi.org/10.1061/(ASCE)WR.1943-
5452.0001312

Bear, J. (2010). Modeling Groundwater Flow and Contaminant Transport. Springer Verlag, 23, 834.
http://dx.doi.org/10.1007/978-1-4020-6682-5

Bilali, A. E., Lamane, H., Taleb, A., & Nafii, A. (2022). A framework based on multivariate distribution-
based virtual sample generation and DNN for predicting water quality with small data. Journal of
Cleaner Production, 368, 133227. http://dx.doi.org/10.1016/j.jclepro.2022.133227

Ebtehaj, 1., Bonakdari, H., Shamshirband, S. (2016). Extreme learning machine assessment for estimating
sediment transport in open channels. Eng Comput, 32, 691-704. https://10.1007/s00366-016-0446-1

Ebtehaj, 1., Bonakdari, H., Zeynoddin, M., Gharabaghi, B., & Azari, A. (2020). Evaluation of
preprocessing techniques for improving the accuracy of stochastic rainfall forecast models.
International ~ Journal of Environmental Science and Technology. 17, 505-524.
https://doi.org/10.1007/s13762-019-02361-z

Esmaeili, F., Shabanlou, S. & Saadat, M. A. (2021). Wavelet-outlier robust extreme learning machine for
rainfall forecasting in Ardabil City, Iran. Earth Sci Inform, https://doi.org/10.1007/s12145-021-00681-8

Fallahi, M.M., Shabanlou, S., & Rajabi, A. (2023). Effects of climate change on groundwater level
variations affected by uncertainty (case study: Razan aquifer). Appl Water Sci, 13, 143.
https://doi.org/10.1007/s13201-023-01949-8

Gharib, R., Heydari, M., Kardar, S., & Shabanlou, S. (2020). Simulation of discharge coefficient of side
weirs placed on convergent canals using modern self-adaptive extreme learning machine. Appl Water
Sci, 10, 50. https://doi.org/10.1007/s13201-019-1136-0



WS QNI V)L VEY o (59 000 3 463y 510 (5,908 /5] 50 5 iyl |

Goorani, Z., Shabanlou, S. Multi-objective optimization of quantitative-qualitative operation of water
resources systems with approach of supplying environmental demands of Shadegan Wetland. Journal
of Environmental Management. 292. 112769. https://doi.org/10.1016/j.jenvman.2021.112769

Graham, P. W., Andersen, M. S., McCabe, M. F., Ajami, H., Baker, A., & Acworth, I. (2015). To what
extent do long-duration high-volume dam releases influence river—aquifer interactions? A case study
in New South Wales, Australia. Hydrogeology Journal, 23, 319-334. https://10.1007/s10040-014-1212-3

Guzman, S. M., Paz, J. O., Tagert, M. L. M., & Mercer, A. E. (2019). Evaluation of Seasonally Classified
Inputs for the Prediction of Daily Groundwater Levels: NARX Networks Vs Support Vector
Machines. Environmental Modeling & Assessment, 24(2), 223-234.
https://link.springer.com/article/10.1007/s10666-018-9639-x

Hu, L., Xu, Z., & Huang, W. (2016). Development of a river-groundwater interaction model and its
application to a catchment in Northwestern China. Journal of Hydrology, 543, 483-500.
http://dx.doi.org/10.1016/j.jhydrol.2016.10.028

Huang, G. B., & Siew, C. K. (2004). Extreme learning machine: RBF network case, in: Proceedings of
the Eighth International Conference on Control, Automation, Robotics and Vision (ICARCV 2004),
Kunming, China. https://doi.org/10.1007/11760191_17

Huang, G. B., Zhu, Q. Y., & Siew, C. K. (2006). Extreme learning machine: theory and applications.
Neurocomputing, 70(1-3), 489-501. https://doi.org/10.1016/j.neucom.2005.12.126

Ivkovic, K. M. (2009). A top—down approach to characterise aquifer—river interaction processes. Journal
of Hydrology, 365, 145-155. http://dx.doi.org/10.1016/j.jhydrol.2008.11.021

Jorge Ramirez-Hernandez., OsvelHinojosa-Huerta., MauricioPeregrina-Llanes., Alejandra Calvo-Fonseca
and EdgarCarrera-Villa. (2013). Groundwater responses to controlled water releases in the limitrophe
region of the Colorado River: Implications for management and restoration. J. of Ecological
Engineering, 59. 93-103. https://doi.org/10.1016/j.ecoleng.2013.02.016

Langridge, M., Gharabaghi, B., McBean, E., Bonakdari, H., & Walton, R. (2020). Understanding the
dynamic nature of Time-to-Peak in UK streams. J. Hydrol, 583, 124630.
https://doi.org/10.1016/j.jhydrol.2020.124630

Lemieux, J., Hassaoui, J., Molson, J., Therrien, R., Therrien, P., Chouteau, M., & Ouellet, M. (2015).
Simulating the impact of climate change onthe groundwater resources of the Magdalen Islands.
Journal of Hydrology, 3, 400-423. https://doi.org/10.1016/j.ejrh.2015.02.011

Mazraeh, A., Bagherifar, M., Shabanlou, S., & Ekhlasmand, R. (2023). A Hybrid Machine Learning
Model for Modeling Nitrate Concentration in Water Sources. Water, Air, & Soil Pollution, 234(11), 1-
22. http://dx.doi.org/10.1007/s11270-023-06745-3

Mazraeh, A., Bagherifar, M., Shabanlou, S., & Ekhlasmand, R. (2024). A novel committee-based
framework for modeling groundwater level fluctuations: A combination of mathematical and machine
learning models using the weighted multi-model ensemble mean algorithm, Groundwater for
Sustainable Development, 24, 101062. https://doi.org/10.1016/j.9sd.2023.101062

Moghadam, R.G., 1zadbakhsh, M.A., Yosefvand, F., & Shabanlou, S. (2019). Optimization of ANFIS
network using firefly algorithm for simulating discharge coefficient of side orifices. Appl Water Sci,
9, 84. https://doi.org/10.1007/s13201-019-0950-8

Mohammed, K.S., Shabanlou, S., Rajabi, A., Yosefvand, F., & lzadbakhsh, M.A. (2023). Prediction of
groundwater level fluctuations using artificial intelligence-based models and GMS. Applied Water
Science, 13, 54. https://doi.org/10.1007/s13201-022-01861-7

Moradi, A., Akhtari, A., & Azari, A. (2023). Prediction of groundwater level fluctuation using methods
based on machine learning and numerical model. Journal of Applied Research in Water and
Wastewater, 10 (1), 20-28. https://doi.org/10.22126/arww.2023.7707.1246

Nadiri, A. A., Naderi, K., Khatibi, R., & Gharekhani, M. (2019). Modelling groundwater level variations

by learning from multiple models using fuzzy logic. Hydrological sciences journal, 64(2), 210-226.
https://doi.org/10.1080/02626667.2018.1554940



e e o T S G 7 g e

Nourmohammadi Dehbalaei, F., Azari, A., & Akhtari, A. A. (2023). Development of a linear—nonlinear
hybrid special model to predict monthly runof in a catchment area and evaluate its performance with
novel machine learning methods. Applied Water Science, 13 (5), 1-23. https://doi.org/10.1007/s13201-
023-01917-2

Pahar, G., & Dhar, A. (2014). A Dry Zone-Wet Zone Based Modeling of Surface Water and Groundwater
Interaction for Generalized Ground Profile. Journal of Hydrology, 519(27), 2215-2223.
http://dx.doi.org/10.1016/j.jhydrol.2014.09.088

Panahi, J., Mastouri, R., & Shabanlou, S. (2022) Insights into enhanced machine learning techniques for
surface water quantity and quality prediction based on data pre-processing algorithms. Journal of
Hydroinformatics, 24 (4), 875-897. https://doi.org/10.2166/hydro.2022.022

Paul, A., Afroosa, M., Baduru, B., & Paul, B. (2023). Showcasing model performance across space and
time using single diagrams. Ocean Modelling, 181, 102150. https://doi.org/10.1016/j.0ocemod.2022.102150

Poursaeid, M., Mastouri, R., & Shabanlou, S. (2020). Estimation of total dissolved solids, electrical
conductivity, salinity and groundwater levels using novel learning machines. Environ Earth Sci, 79,
453. https://link.springer.com/article/10.1007/s12665-020-09190-1

Poursaeid, M., Mastouri, R., Shabanlou, S., & Najarchi, M. (2021). Modelling qualitative and quantitative
parameters of groundwater using a new wavelet conjunction heuristic method: wavelet extreme
learning machine versus wavelet neural networks. Water Environ. J, 35, 67-83.
https://doi.org/10.1111/wej.12595

Poursaeid, M., Poursaeid, A.H., & Shabanlou, S. (2022). A Comparative Study of Artificial Intelligence
Models and A Statistical Method for Groundwater Level Prediction. Water Resour Manage, 36, 1499—
1519. http://dx.doi.org/10.1007/s11269-022-03070-y

Rajabi, A., & Shabanlou, S. (2012). Climate index changes in future by using SDSM in Kermanshah,
Iran. Journal of  Environmental Research and Development, 7(1), 37-44,
https://www.cabidigitallibrary.org/doi/full/10.5555/20123377231

Shabanlou, S. (2018). Improvement of extreme learning machine using self-adaptive evolutionary
algorithm for estimating discharge capacity of sharp-crested weirs located on the end of circular
channels. Flow Measurement and Instrumentation, 59, 63-71.
https://doi.org/10.1016/j.flowmeasinst.2017.11.003

Shrestha, S., Bach, T. V., & Pandey, V. P. (2016). Climate change impacts on groundwater resources in
Mekong Delta under representative concentration pathways (RCPs) scenarios. Environmental Science
and Policy, 61, 1-13. http://10.1016/j.envsci.2016.03.010

Samani, S., Vadiati, M., Delkash, M., & Bonakdari, H. (2022). A hybrid wavelet-machine learning model
for ganat water flow prediction. Acta Geophysica, 1-19. http://dx.doi.org/10.1007/s11600-022-00964-8

Soltani, K., Ebtehaj, I., 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. https://doi.org/10.1016/j.scitotenv.2021.145288

Soltani., K., & Azari, A. (2022). Forecasting groundwater anomaly in the future using satellite
information and machine learning. Journal of Hydrology, 612 (2), 128052.
https://doi.org/10.1016/j.jhydrol.2022.128052

Torabi, A., Yosefvand, F., Shabanlou, S., Rajabi, A., & Yaghoubi, B. (2024). Optimization of Integrated
Operation of Surface and Groundwater Resources using Multi-Objective Grey Wolf Optimizer
(MOGWO) Algorithm. Water Resour Manage 38, 2079-2099. https://doi.org/10.1007/s11269-024-03744-
9

Xie, Y., Cook, P G., Shanafield, M., Simmons, C T., & Zheng, C. (2016). Uncertainty of natural tracer
methods for quantifying river—aquifer interaction in a large river. Journal of Hydrology, 535 ,135-147.
https://doi.org/10.1016/j.jhydrol.2016.01.071



WA BA-VIA (V) VET T 59 050 3 48y S (590 /5] Sod 9 oyl |

Yosefvand, F., & Shabanlou, S. (2020). Forecasting of Groundwater Level Using Ensemble Hybrid
Wavelet—Self-adaptive Extreme Learning Machine-Based Models. Nat Resour Res, 29, 3215-3232.
http://dx.doi.org/10.1007/s11053-020-09642-2

Wang, G. G, Lu, M., Dong, Y. Q., & Zhao, X. J. (2016). Self-adaptive extreme learning machine. Neural
Computing and Applications, 27(2), 291-303. http://dx.doi.org/10.1007/s00521-015-1874-3

Zarei, S., Yosefvand, F., & Shabanlou, S. (2020). Discharge coefficient of side weirs on converging
channels using extreme learning machine modeling method. Measurement, 152, 107321.
https://doi.org/10.1016/j.measurement.2019.107321

Zeinali, M., Azari, A., & Heidari, M. (2020a). Simulating Unsaturated Zone of Soil for Estimating the
Recharge Rate and Flow Exchange Between a River and an Aquifer. Water Resources Management,
34, 425-443. https://link.springer.com/article/10.1007/s11269-019-02458-7

Zeinali, M., Azari, A., & Heidari, M. (2020b). Multiobjective Optimization for Water Resource
Management in Low-Flow Areas Based on a Coupled Surface Water—Groundwater Model. Journal of
Water Resource Planning and Management (ASCE), 146(5), 04020020.
https://doi.org/10.1061/(ASCE)WR.1943-5452.0001189

Zeynoddin, M., Bonakdari, H., Ebtehaj, I., Azari, A., & Gharabaghi, B. (2020). A generalized linear
stochastic model for lake level prediction. Science of The Total Environment, 723, 138015.
https://doi.org/10.1016/j.scitotenv.2020.138015

Zhang, K., & Luo, M. (2015). Outlier-robust extreme learning machine for regression problems.
Neurocomputing, 151, 1519-1527. https://doi.org/10.1016/j.neucom.2014.09.022



