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Extended Abstract

Introduction: Groundwater level (GWL) is of critical importance, especially in arid and semi-arid countries. In
many areas, excessive exploitation of GWL has led to irreversible damage to groundwater resources. Predicting
GWL is a key challenge in hydrogeological research, effective aquifer management, and assessing groundwater
volumes. The aim of this research is to investigate and compare the efficiency of Deep Learning (DL), Decision
Tree (DT), and Gradient Boosted Tree (GBoost) models in predicting the GWL of the Rudan aquifer.

Materials and methods: Monthly GWL data of the Rudan aquifer, along with precipitation, temperature, and
evaporation data from the region's meteorological stations (2000-2020), were collected. The second part of the
study involved satellite data accessed through the Google Earth Engine platform, where GWL data and key
parameters- including the Palmer Drought Severity Index (PDSI), Standardized Precipitation Index (SPI), Potential
Evapotranspiration (PET), precipitation (Pr), and vegetation indices such as NDVI, EVI, SAVI, NDWI, and
GNDVI- were extracted and processed. Data normalization was performed to improve the performance of machine
learning models, and the data were split into training (80%) and testing (20%) sets to evaluate model performance
and prevent overfitting. To investigate the behavior and model the GWL of the Rudan aquifer, 10 parameters were
used in 10 scenarios across three models: DL, DT, and GBoost.

Results and Discussion: In the DL model, increasing the number of parameters from the first to the third scenario
decreased the model's accuracy. However, scenarios 5 to 9, which showed the highest correlation (0.86) and the
lowest error (0.85) and percentage error (41%), were the most suitable for modeling GWL changes in the Rudan
aquifer using cumulative precipitation, NDWI, PDSI, SAVI, NDVI, EVI, Pr, PET, and SPI variables. The DT
model showed improved accuracy with an increasing number of parameters up to a certain point (from the first to
the seventh scenario). The highest accuracy was achieved using a combination of cumulative precipitation, NDWI,
PDSI, SAVI, NDVI, and EVI, with RMSE and MSE of 0.282 and 0.08, respectively, and a percentage error and
correlation of 13.07% and 0.987, respectively. The GBoost model demonstrated relatively stable accuracy across
all scenarios. Given the low error values and high correlation, the overall statistical criteria indicated that adding
more parameters had a reduced sensitivity on the model's performance and did not significantly change its
accuracy. Both the DL and DT models are more sensitive to input parameters. Additionally, this models exhibited
similar responses to the input parameters in each scenario. Considering the four-month delay of precipitation on
GWL, the DL model included precipitation, evapotranspiration, and drought indices in its selected scenarios.
Therefore, it can be concluded that this model, considering a broader set of environmental parameters and
examining their impact on modeling GWL changes, provides better efficiency, performance, and
comprehensiveness for the Rudan aquifer.

Conclusion: The output results of the models showed that the DT and DL models, with high correlation values
and lower error values, demonstrate highly accurate performance in predicting GWL. The scatter plots of
predictions and actual values indicate a very close match between these two datasets, highlighting the high
accuracy of both the DT and DL models. The accepted scenarios in both models include vegetation indices,
indicating the significant impact of this parameter on groundwater resources, particularly in arid and semi-arid
regions, where vegetation is a primary source of moisture. On the other hand, the DL model included
meteorological drought indices in its selected scenarios, demonstrating the influence of these key factors on GWL
changes in the region. Given the complexity of the DL model in selecting important parameters affecting GWL
fluctuations, this model can be considered an efficient and suitable tool for investigating the factors influencing
GWL changes in the Rudan aquifer. The use of these input parameters in the selected scenarios of both models
can improve the accuracy and efficiency of groundwater resource management. Ground observational data for
GW.L further confirm the high importance of these parameters.

Keywords: Aquifer water level,Machine Learning, Deep Learning, Remote Sensing, Drought Indices

Citation: Heydarzadeh, M., & Siasar, H. (2025). Predicting Groundwater Level Changes Using Deep Learning
and Influencing Factors Through Remote Sensing. Integrated Watershed Management, 5(2), 74-93. doi=
10.22034/iwm.2024.2036252.1164
Copyrights:

Copyright for this article is retained by the author(s), with publication rights ®
granted to Integrated Watershed Management. This is an open-access article
distributed under the terms of the Creative Commons Attribution License

(http://creativecommons.org/licenses/ by/4.0).



mailto:m.heydarzadeh@hormozgan.ac.ir

g e &g (VF-AY) AFF lannl (pg0 o 5loss uamiy Jlw ¢ jusl (e 39> gl gy ko

doi: 10.22034/iwm.2024.2036252.1164 YYAY-FOM : (S isdl LS “3"«,.,,_,, s
o 8w - = . . . - o0 N S
b T 52 105 330 Jol g8 9§00 (5 O ST &) (Gia ) 39 Jot T e SN gl (it it
399 )l i 31 oSlaiw!
Tyl 31 0013 0> 02 y0

Q‘)"‘ ‘ulffo).b ‘wL..C)J.u ‘ulf),o).m oKisls sul.....a QS'LC uo)}nT )5).9 ‘LS))BL“‘S IR aui L5"‘"“\"'ef° 05; A
Olpl el ol 5 (b o b5 55 ply oiils «(55,5LiS 09,57 ¥

m.heydarzadeh@hormozgan.ac.ir : Jgiuwe ot 93

OF Y UVE b pdy b VEY AN S 15555k gl VEY/ 8/ ) bl s g ,b)
b o 00

gl 5las 5l i 6o 0y (gblie 51 gyl 5ol Yo s Sl Coeal ) St ans § Sid glaysiS 10 s ey ol e 1dedde
(IS5 e Sliiod 53 alS e S sei i) e (sriote el ol e il e 4 Bl lovesl 4 e (o]
Gradient 3 ppead <o 0 (daos © S0l slodoe ol aslio § cwyp (Geizd ol 5l Ban ol ey piol e obs,) 5 laglssul S50 Cu o
el log, ezl cwes il 55 8,56 sle el i 4o BooSted Tree

YeVeBYee glagls b ailhie owbolge ool 5l s 5 les 5 i,b Sledlbl g ylog, Glssul ailale (e ol 515 sloosls 1 iy g dlgo
oy JLSts a5l Jol e slosiabl 5 olyl sl S5 sloesls Gl & S5 il 5 (e lpale (slaosls spss iy o (5,519
NDWI SAVI EVI NDVI L alS jiss slogasls 5 P o)l (PET) Jowsly 5,25 ¢ 5505 «(SPI) oo o laslewl 3,b as-Ls (PDSI)
95 45 ools (goipmnndl 5 (rile (5,50l slaJoe o Slae Seups jokaioas ools (g5l leys il a3ls 5 zly5el lojlsals slaosls ;I GNDVI,
35 sledse 5 588y ooy psanear b plail (B3l G 3l 6T sl 5 L ,Shee (i)l sl (00 Vo) (alojl 5 (aopo At (3550 assazme
A ooliiw] GBOOSE 5 paonad i3 ans (5750l Joo dus 30 g9 ki Vo j0 el Vo5l lagy e jo]

YL LA L0 o)led slag lw Jg 2olS Jaw 85 i poes B Jol g3l 50 b elyly olaws (201380 b Geoe (6,50l Joe jo 1éexy g gl
Gl i b (4105, (s jo] o Olhss (g5l Jae 5l gy s (s ialio (Ao F1) Loz aoyo 5 (+/AD) Uas yf5ee o a8 g (+/AFP) (Suan
olass 2al381 b oxae B gl 590yl j ol S50 Joke 3905 (aseie SPI PETPr EVI . NDVISAVI PDSI NDWI slo aslis o razms o)L
EVINDVI SAVI . PDSI NDWI « raz o)l slass, oS 5 5l eolatnl b Jow 8o oy iiig ol (las 1) C80 0gu (gwre o> B Lol )l
logs )l (olos ;0 GBOOSE Jow .45 +/AAY 5 \Y/+ Y 5 ey Siaads 5 Uas 0o po eo/+ A 4 +IYAY L ol o554 MSE s RMSE a5 sl cooa
G yiallh o Sadlal as ols las Jaw cpl yo Sbel sloylxs wiTp L o2 liae g s a0 g las o5 polae aasgl oyl U Lu...... &8s
Gyl 4 (g in Comlar (6,8 paal S0 5 Gres (650l Jow 058 el loul Joe CBs o (g0l Ol pesi g 9)ls Jow [0 (6 e sl iy
aale¥ lo; o3l wazsil 2o gl ;0 (53955 sl yially 5o obine Lo Gly (655 ol S50 5 Baas 5,250k Joto )b (ized )l (5999
Ol 503l 218 )8 055 coie lagy )l 52 1) (JLSts (a3lh 5 5pa 5 et ok oyl Gros xS0k Joe syl a2 3L
5 98bee ool (sl i Slis silede 53 Wl SIS ST e oy 5 i shame Lol (il o izl Juo cnl a5 cas
2508 olsg, plgsul ly 6y consl>

5 880 Jlwy o Sloe a8 glas Jlade g YU (Siwcon polie b Gaoe (6,:50L 5 praal S350 Jaw ol plis b Jaw 29,5 il 15y axuss
30 Sk a4 conl ooldacgemme 90 (pl G Suo5 Jlen @Bllai caimolas aBly polie g by ot (SaST Jlaged aijls Ls:,:.a)'ﬁ)'g] 3 o
2 Al ) 4 M i S o ool LS sl aSls ol e 50 0 5 Uy 8ym (sl i ol Bt (5,250L 5 s S50 Jao (5L
sloasls s 5,50l Jao K00 Bk .l 3ble opl jo cusb) auie o 5 ol 45 Cul Sitddeas 5 St bl ;0 0594 o)yl mlie
@iz il B,b 5ol dibie e ol phaw Sl is [0 oS Jelse cal b Sils a8 500 355 (e slags i degazme 3 1) owlidlys JLuSis
else gmoy 2 Sl i 5 90l)l5" 15 1y Joto o) Blsi o0 (e 5ol b Slliogi IS8 51 e sl el ol )0 Brae 6 S0k Joo (S
4 il e iy 50l Jde 50y otite (slagy L ) (53955 sl el onl 5l ealitul 0 yedi (log) Glssel (o) il b Dl i ) Hi%e
ol ) b yzal )b onl YU Caal 35 e il 515 slp e laalice sloosls ayles oS sl ailie S e 55 e o155 Cds Sgue
SlSis slojazls a5l iomiw (aas (6 S0l (opile 5,50k ‘Qb;'qi ol b 1ol Glods’

Jolse 5 Gros 5550l SeS 4 (e 5 ol b St (i OF ) 2 Gl 5t w0l a3l
VE-AY (V)0 rol 055> gl oo 5533l shomins 5l ealizal b )T, 138,50

ol 3>
@ ® o yiowd b Ll led elol sl bgase dllie ol (O) sdimss lp ol >
O3 pges 6ly 4 ti Colg o ol Ojgo 85 onl 5o eads Gl Slalllae plas ;]

el o yiws B a0 csls



mailto:%20m

vs VE-F Gl cags opled cpmts Jlo il (slaojem asls Ca e

oS s é e SYsb 0,90 o sl b sla e
e (ANN) cgime oae sloaSos Jols
(539,98 GL...L:.» CL"""‘“‘ saslele (TP
Folad (Siwrod (B9 5 «Olatiy Jlop oS
ghw Ol 5 gileand Glp Aadd S
ol sladoe ogbee eoliiul el
ghe Ol Gileand sl Jeslis oVl
(Rajaee et al., 2019) 54 o oolatul o) 50
255050 s S (Sealis b, oS oLl
S5 Uls5 Lo Joe ol S oo i yloj coB3S L
s Wl 1) Ol gl glaShy Geoie sl
Rathinasamy et al.,) outs ool sloJas
Gl 1 clilsls sles Sy, Gliime (2014
aargil ejng oy ;5 Ol ghe (Snin
Silode slp Eyvae Gladae b sasie flw
Tao et al.,) wlols dewg Suwjyp) oo i
3 Ll AD T esias i sla e (2022b
S5 F59,0e0 Olidod alexl ladie; 5| solaws
Nadirietal., ) cool oo eolaiwl ey sloo]
|sslsiee esransise slapm Sl (2014
(_g;l-ﬁ)’ 6“6)‘“‘ oaodas (_g‘).} A g o..\.;_ﬂﬁ: sosls
Jdo 4y oS eolainl YU cdo b s 8 g platel
Sl 2 GlaJls o b Jow ol (oganie ¢ cdo
Franses & ) wiloals 43,5 Way GWL o i
oL, 5 GONg.lisl, yean ,o .(Van Dijk, 2000
Sy G Medgr Jae aw loel (Y4)F)
Oeole (ANN) egian cuac aSl g ¢ s
mhws SesS i 6l |, (ANFIS) il
5 rbawol el (28,5 k0 b (e e
5hoolatul b o Jaw oyl 058ges gy (e o]
25809, sl el ,l sl alll Ve sloools acgezo
dayysl8 o Okeechobee 4>l ;o o035 ;o ol> g0

3- Artificial intelligence

)....JL.....J 9 O\)‘})«.\P

FRRV-P)

Lol b Jgome jsb & (mxbaw o 6L aie
0l (Jl ol b oo S e Slaity (e
allil golee L (b oo &5 cul e
ol 5las lin el (oplp odle 0gh o0
Tran &) 05,5 oo (o) Conndig b & yomie (S
! sy s (Wang, 2020; Lo et al., 2020
Sl | Sizdes g Siz slo,eiS 0 (GWL)
Alfarrah & Walraevens, ) coil jls,e5 0 Sl
&b 5l G )l oy bl Sl (5l 55 (2018
il & s pdliglye Glocul 4 2 (e p o]
o Olpss  Sision (Priyan, 2021) el ouls
Sl 0 guls Qe S e
p> syl 5 Olszel Fe Copse ((Sasslsiss e
Barzegar et al., 2017; Sun et ) & 63.,,.0)')3.)'&7:1
Sl Copae lp GWL o i @l 2022
4 GBS Sl st ) ol s Sl o e
oS 0338 @is 5 (0900 e > S 0
Ol ool ws3,5teS anle Slaal glp a5 oS
O B SYT S COMUNTS. B KVS PR RV
Malakar et al., 2021; Singh et al., 2021; Khan )
(ML) ¥ opsle 50l slaSssS (et al., 2023
dj‘)‘ ‘) QS’LQQSH"L}““" 9 Lﬁji” ‘s)l.wl...m ‘o..\.:_?;.:.;
ol plie Copan ;0 GpSpueal 4 45 Jipd
Singh et al., 2021; Pham et al., ) oS o S5

2022; Ghobadi & Kang, 2023; Singh et al.,
GWL o slp MLl eolaal L (2024

Fye Sapde g Sl lp 1y 0e Uy Gl o
Jsb o Ll Jlal eolanul 51 g ol iol58l O aslis
Tao et al., 2022a;) sgai Jool> loabl o
» e 2k, sl Joe (Pham et al., 2022
Jola Glej s Siluedne SOSESS oSG

1- Ground Water Level
2- Machine Learning



ss93lotmi ) osliial b ()1 35,50 Lelse 5 ras (6550l oS @y e iy o oo Sl i VY

B U Y UM C R TR
51 eolaiw! .(Radhakrishnan & Pillai, 2020)
Sleeas CARTE o KNN7 asile Jae 9,0 i ys5!
Lo g, (ryioied ;08 25T Ak g0 jglaiania 0l S
WU) iz 5l g, Jawgs (Kadraet al., 2021)
oaisazd 5 IS4 (etal., 2024; Jena & Dehuri, 2020
I, dlie V- olaws (Y+YY) l,Ken 9 Khan .ol
3 eolinl b (heej ol Sl s (i sl
Vorh sl (b egias (h9o 9 (g slao
Sl Jas a5 ols lis bt Woges cyp YoYY &
b o Slos 009y (eghas Sogn 4l » 45 G20
& 550 5l ealawl L (Y- YY) Anitha , Manna.as,ls
Slr iyl Gos Sl aily Beee
RESHESPRUES TopCK N 2% SYER DX RYP POy (e
) sres Itz oos 5 Tol Sl S
ot syl ol b ot a0
|, osls 5l sewbie pax> b, Ul a5 oo
Y-V Len ¢ Huang .wlosls olas ws)lo
5 5,5 awliso DL slacsaSs L 1, ML o Skoe
(LSTM) cassily SowolisS alasl> a8 cdly o
sl (i il wds @l e sla g
acgozme (Y-VY) e 4 Kochhar oS e
3G eedls dacgame 4 |y 09zge (slRools
AVl sloosls 5l (oS5 g (gomige 5l (oo
Jae o b ceeiniel gl @pSejlal sy
Gt g, Al S Sk
o8 5SUN .5 S 0ds LSTM L Y(SARIMA)
che ot slp jemeedls Jae S (V4YY)
s ARIMA | oolainl b dos coonl w)’ﬁ)’gT
blg Baas (6,50l ax 51 .05 slpaiy, LSTM

O ol Smiie wls 1) aadae gleosls bsle

8- Classification and Regression Trees
9- Seasonal Autoregressive Integrated Moving
Average

G yg 0 00wl Cawdds zulis .o oolail sazeie YL
ol g ol Blie 51 285 s s 3
Sl ) seeinie] e Smiin 5O i
5 ANFIS sla Jos 5l Jol> bl (puizmen 0505
ol yor J o 39y 155255 ANN o & Cons SVM
ozl o oaran igp oz by Jas 5l eoliiul L
(Afzaal et al., 2020) (DL) Gioe (5oL
Alizamir et al., ) ELM) ¥ b3l ole 50k
(LSTM) 2eail owoliss alisl> 5 (2018
asle W slasil el (Bowes et al., 2019)

Phamet) o5 5 5 o5 55 (Sorae oo sla o
«(Nguyenetal., 2020) 24,5 5oL «@al., 2019

) GIS- egiae hsp p (e sl oo g
il Jde (sl (Kim, 2020) (Ll as Sledlb!
wd> gl ailoads (g3lwooly g ol maw Ol pss
Aiile «SdlS' g ghan Shga ilise slahy, mls

ik (ol gras gLl glepic.s ANN
wesias bsn sla by, 5 (GP SVM ANFIS)
aS Woew, 4 pl 4 SOldlas cpl (oSS

Sl Cabge b Wl oo oian Sig2 sla
2 i) ghe Sl Siin 9 iledoe
5 ebedimee) b (bl )5 &ly (e ) sboo o
CE o Jae 0,5 13 colaiule e Diglaie L]
Slse 9l S L1y Sloranas OT) 76 5 oo
GlaShy silie glacglad ol 1o a5 S o 0l
oo Sl cnl 5l oghge pll (cwyp 9550 it
aS WS dgamme 0,5 SG |y ool wilgh co g 05
9 8350 Jae ol 05 plosil mdly (samaids ] 5
30l (b (Gl s g Sl g sl i 8
Sl (Soe ol S o o0l 3 1 (6 S preaad

9 998 03l i3l a5l i od5gel slaosls o

4- Extreme Learning Machine
5- Long short-term memory
6- DecisionTree

7- k-nearest neighbors



A VE-F Gl cags opled cpmts Jlo il (slaojem asls Ca e

@ 65k sloosls aled (S (edile 6 250k
adlge g oo 4Ll (DL) '° Gaae 5,50k (lsie
iy s xSl e glaaSil pull
15 a5 el bl sl )T 5 ond ayys oMbl
SeaSE Syie sad (Siigse S e
Slageile cYaiz ooy (p29lglS (orac
RNN'Y ((Sos5 ,Ji850, (RBM) ¥ pa3ilss Sgame
Awd  Grese (6,50l Gl slipl 5l S
Sahoo et al., 2019 ; Zhao et al.,2019 ;Miotto et )
5 el S50 sl Joe (blae o @l 2018
8> 9 YU (6 pdy s LB JJo 4 5.5 GBoost
sloan s olpsar wr Gloginiin 2 el
Chen ) wloass 7 ke Ol gl o pie ;o (cmwlio
S oy, dse> (& Guestrin, 2016
SBrem bl jo Ol 5ul e slaojem 13
Gl s 4 adbaie onl (e il ojhe
5l cadbie glaglszul plo b awslio jo cunlio b
slcdld lp o gl el 5o G lls
Bebod 5l Bl oy £l g (g5y0laS
G5k gladse 2l anlie 5 gw)p worin
3y Smoim 5o GBOOSt § proal S0 (Gaes
oyl Coslir BT rizmen 5 (o]
Conog 5l BT cal flog, olgel 138,50
ol s Sl )0 e Jolse it 5 Olssl
i Slosouas 31 o Ol &b Olpde 4 050
Sl b oS, a5 wlei go S 5550
ol Bl g ool Dl 5 AU a2l L ablie

RVEXP ol slols

14- Enhanced Vegetation Index
15- Deep Learning

16- Boltzmann machines

17- Recurrent Neural Network

)....JL.....J 9 O\)‘})«.\P

B I S SO )‘Kﬁﬂ’" s bl
Gt SOl eolatll st Cds ]
0> 5l e B3l cnl 2 edle 3% b ols
Sl anld b wlb a5 el sogee Slaw 31 (S5
Ol & ael) 5 sl el by oot ol B L g o 555l
@bl Sl Gl oS5 nlple )5 4z
5 Mid 350 |y (st Sixl Sl (s oS
WS lgen 09,5 650k el ln T el
ol Cugli S0 Jawe (Manna & Anitha, 2023)
oSl 5l eslizul L (GBoost) VLol s
5 Sl (ghgll SLUST G a5 wl o], XGBoost
Sty 5 herd predl IS0 (pdix oSS L
2l im0 ) @Yl cds Ll (s
09> YL cdo g oS Jdo 4 Juw ol oS e
Chen & ) cewl oo 4Ll oouzny o son i
aile codle 6,500 sle Jas (Guestrin, 2016
sleasis 5 (GBR) VobolS sk (S,
e o ) e o Slee (CNN) Y JLtglgils” oae

ol pohw 5 e sl piie G odizmy Ll
(Abdi et al., 2024) .ulosls olid )y

Sloylaale slrosls .ol lis Glidsy pioren
sles 3,50 191, Sl> oSl MODIS s GRACE
S aies o Al Bk g S cugh; (e mhaw
S (§59p0 Fe0iy 2l e S Gl Gl
Fomb zobw a5 weo oo Gl Sldllas (Jlne gl
Jolis jaxls polie (2alS b e slac]
oS el b5 o (NDV) "7 LS gy ooy oy
Sl (BLS Abe a9 A easmsglis
T alS b 8l a3l .(Yonghong, 2013)
50 Ol 0aisS S Wilg o yuizen (EVI)
w3l iy ol Sllegi o 4 alS i
L SSS 5l slacgama sy (Haas et al.,, 2021)

10- Gradient Boosted Tree

11- Gradient Boosting Regression

12- Convolutional Neural Networks

13- Normalized Difference Vegetation Index



3903l ieins 3l oalil b )Ty 38,50 alse 5 Bros (6 S0l S &y (o 25 ol hans Slyd ey

A

Sl sloojem 5 mlo b anglie ;5 cenlio b
SloolSss  Jels aihie L slaijle ol
5 rol e glacdpl (8pl el s i
b Sl 9929 (o ) JS2) sl 0255, slaosel
Sls,z) Suib sledcseme (e 15 655155
Eopglome o 45 wams o Lt (BSal oy Vs,
Slad sl Gy, Jled gl 2l
souaials Lol (Ghadami & Poosti, 2020)
5 Sapde Olojle bwgs sadpelxil Lol )8
dahio (Y4V) B, bl gpyaby
el el; Jals 6,5 S # 4 dalllaes e
s Ghlia 5 i 5 byt e sdims
e Vo ¥ hls 05> al el oo st
hw ol b sszg Jdo a4 cwl lewas V-
SlEl 5 (63,9laS adlate Gl 5o cenlio (o)) g
VOSE e plagy el eiem ol a5 B,

! oMoo‘oQU&J

b sig) 9 9lge

asllans )90 ddlaie

5 FEb Foon She 3l S Olsea (g, ass
& ynskS YA Jolee goluw glils Ol> po
B iy Sl sasul ojs slaejs 1 5l S
Goviy." "y Js YV YA Y- YV g
elas )l JBlam ¢ iSTas g 00 (8,0 OV VY'Y
los lawgie .ol S VYT g VYAD ol 5 b dog>
Lol oS il az 0 YOIV Joles 059> a¥lo
Cosl g oo YEY Sl 8L cloosls uSils
9 b oy sladad (b )k we 3 VYl a oS
S lgSs aibaie ;3 5k 98l 5 wes o0 &) (lias;
035> 25,5 4o (Y1) o) ,Ken 4 Paroon .cos
o5 yel 5 Caly 58 o logs umainb Bib (o,
£ bl § Saddas «Sid o8l gl s pay
(Ology vl o3e> ot LY ales;l il 4l
Ok Ol 8L 0 g adlate Sl (o250 (39 (SlwasS

505000 512000 519000 526000 533000 540000
1 1 1 1 1 1
2 - s
3 g S+ g
g g 8 < g
s o
2 g § 3
3 3 8 3
3 2
s |l o
g H
A ls 8§ 8
i g
2 2
8 8
s =
24 g
g g
8
C 3| L “_."
g § Berentin
S s —
o e =3 r o
E T T T T T T g
8 505000 512000 519000 526000 540000 b3
~1000000 -500000 0 500000 znmu 1500000
I 1 1 ) I \
T T T T T
505000 512000 519000 526000 533000 J
. Gl cmo) (sbans sl
K ol Station WIS o) A5

£>

Sllle o350 Boundary

Formation Geological

£3
S
8
S
s

. cm [FFda A r
e olskl Aquifer B E55% oma & s
Sa- gL ) @ 085 Elevation-m Mt EEFiec 2| N 2
g tiob #1288 v ZZZ a
— 5 25 0 5 10 15 20 g' 'g
Low : 134 i 3k 8 T T >
-1000000 -500000 o 500000 1000000 1500000

swijlu g (@) ol )l Ol s (@)l ol g (1 50 2 (L] )0 axlllan 840 dllaio CouBgo —) TS

(@) wbeioym
Figure 1- Location of the study area in Hormozgan Province and Iran (a), elevation changes (b), and
geological formations (c)



N VE-F Gl cags opled cpmts Jlo il (slaojem asls Ca e

L ooaiad polie 2ol g e Bd> (gl Waosls
(b3 5 GRS oeSle slaghy, I eslanl
sladae 3 Shoe g jsbaieds rosls g5lwJle
acgazme 9 4 Loodld (Gaipendi 5 «edle 550k
Gly (oo Yoy cialel 5 (aoyd Ae) (ojsel
Sl 310 3l 6 S slz 5 e 0 Sles L5
Sha> o g« mizen (Salamat et al, 2023)
& o S b wloads gl 5l Lol slaesls |
Jola o Syl 0xS 13 s sl o
EVI SAVI NDVI L alS jiis slo_asls
SPI 4 PDSI wsle JLSis sls atls 5 NDWI
Gk ool Biloy slolsale slaools 5l as wisg
opl diael caws 4 Google Earth Engine s ,a:l
Llps b jaals owyp pshieas lajasls
ity ) e Sl JlSes 5 e
.(Rahmati & Melesse, 2016) ssuis a8lsl b Jow 4
(83929 S yite (o (Sianod 3 ) p sl
odis glaer oyl e (Sten Joloo
Sloasls S as ol olas o ol s sl
5 SAVI sla_asls L NDVI wils alS s,
cd ) s (oYLl (San Gl EVI
e el jlied (e AV 5 e
4 )5 Sledbl oy 5l 5ySslr 5 Malbaiy
o ails sanles olsieas NDVI asLi g o o
o ol d5e 5 Slowlre (Souzm o8
B Gibe gals oledbl a5 s
ool i slrools colyd jo Lol baas e
sloases glajae ialesl 5 Gijgel (sly ond
oolol XGBOOSt § puowal )0 (Guos  omas
o 50 oolaiuld e sla el Y Jaas jo Luslends

9 )tl.é) o 6‘)-’ el o&oo‘bdw BJ)L..»

Ve o el Ve slgleg, (s sl 515 sl e

)....JL.....J 9 O\)‘})«.\P

Lools 6,9l xos
slrosls Jolss gusow ol ;0 gwypm 3590 slaosld
5 solidlen calize glayially 5 (ejpi0l 5l
iyl 3 slesls g ass> (Sijsly ane
s, el sagame 4o slodnlie slaolz 5l wilale
lilaie ST e85 5l VoY Y- cla s b
sloosls yizen Wloads 5 5laex B je,m oyl
PV Gloy ol (b pses des (550
Soolll 5 plog,  owlitler slaoliwl
aibio Gebip 5 SLE (2l (s
L aS slo,lgnle (glaools cpgo iz .ailoads (5,910 5
S JESF ity 9 il i S Sl colii
515 sleesls (Google Earth Engine) .ol
ke Glos il (b Glsy Glsml (ses sl
e 05 gl glolsale olsale yslas
Al Jlsis asls Jls ape ol
5 a5 ¢ P o o, luibil L3l LasLis (PDSI)
oo 9 PO AL WPET) feily 6w
SAVI EVI (NDVI L aLS (g sl asls
clolsals  laosls 5 GNDVI  JNDWI
5 035,)% Terma o lsals MODIS/006/MOD16A2
Terra o lsals 055,15 (MODIS/006/ MOD13A1)
Sl BsS el y )d e Br e SISO 08 L
Al gl dlbble Ghgods g Blo ]
Jlesl (S8 5 (Gleoj 03k oy Jols gl (23lo
Ry o Olbudy G ,eSB e 4 bgpe ol o
oy il lp Sy oobie et Lales
55 seiniel 5 sy laosls el Lol

Al oolaiwl b Jow Sbj,l sl

b Joo =
)‘ ul.u.o.b‘ 9 X )‘ o= o 6)9164;7 LgLQod‘b
Sledse 9 Jels ln ondelS 5 oo
GSL ol ol ol loass 3ls 5 s

18- Multicollinearity



ss93lotmi ) osliial b () Tpr 385,50 Lelse 5 ras 60l oS @ e oy o oo Sl i A

Jae Zés o La:d\ Lg)bf)...:l.: 3 o ol

Lng)...x.uo 99,9 “""’5“5‘ ewl ol oolaul 5.:)[*...0

ool LS piag slajasls sile awses

92,bew 32 (68959 sl yol,b - Jguo
Table 1- Input parameters of each scenario

oL PR INEY)

e
3

L > < v & 46 4 -t —

—

Cumulative Precipitation
Cumulative Precipitation- NDWI
Cumulative Precipitation- NDWI-PDSI
Cumulative Precipitation- NDWI- PDSI -SAVI
Cumulative Precipitation- NDWI- PDSI -SAVI- NDVI
Cumulative Precipitation- NDWI- PDSI -SAVI- NDVI- EVI
Cumulative Precipitation- NDWI- PDSI -SAVI- NDVI- EVI- Pr
Cumulative Precipitation- NDWI- PDSI -SAVI- NDVI- EVI- Pr- PET
Cumulative Precipitation- NDWI- PDSI -SAVI- NDVI- EVI- Pr- PET- SPI

Cumulative Precipitation- NDWI- PDSI -SAVI- NDVI- EVI- Pr- PET- SPI-
GNDVI

L > < v & 4+ 4t < —

—

ol Jie GV Ko i35 25 505
S5 L (F abyl) MSE s Slayye Silio
3l polie @y jaix b Gla iy o5 WS o
slo s sty L yieS MSE a o sl 305
3heoliwl o guen a8ly polio b gy Jow
Jos a5 WS e ool 3 1, liebl ) MSE st
e asl)la 1 & polde (2l o p3Y Conlis
A oo &)l do 0 s |y U ol MAPE
w9 Far st 2k SrsS MAPE 4z
oy Joe oppemlie bl gl e
Slr auas) gy 5l sl S8 sl la b
SOy ogd 00,8 o solitl iole] slaeols
e gy 2 58S Sl Djge p e
el w53 |, RMSE (sl fsan (2205 45
290 (69955 SleS 5 b e Jaw 4y 5 ) 4y S
S Ol co (68959 ladiws 5SS 52 )9
SySise Bl BT Y glaas; s8ie slalles

21- Root Mean Square Error

Sl slaus asnlie jolaiedy Godod cnl 5
O aal) R Mo e bl sloasls
g od (i polie o (Sased Goend sl
Glhe glas wops (xShe 5 oad (5 S0l
(RMSE?) a3 Slay yo uSiles L3> 5 (MAPEZ)
5 ¥ babal) wS oo olo |, s e a5
28,5 L8 eoliiwlyyse (2l slajline lsieay
2L g cds saumslis a5 (Zhou et al., 2021)
aoles s (aj ol 51 i 50 e

el ol 15 50 oolel sl asls I Ky e

2
N (0, -0)SN (P.—P
p2 = | 2i=100i — 0) Xz (P — B) o
Z 0= 0 B, (P~ B’
_100% |0;— Pl
MAPE = — Z{\I:lo—i )
N —p.)2
n
MSE :% Y. (P = 0))? )

&@PQ@‘A{F&M%)&RAZQOM

19- Coefficient of determination
20- Mean Absolute Percentage Error
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Table 2- Analysis results of selected models in the studied station

Jome PYgIom R? MSE RMSE  MAPE
Cum_Pr 0.767 0.855 0.925 47.586

Cum_Pr-NDWI 0.744 1.151 1.085 54.719

Cum_Pr-NDWI-pdsi 0.702 1.210 1.100 57.230
Cum_Pr-NDWI-pdsi-SAVI 0.806 0.874 0.957 52.775

3 Cum_Pr-NDWI-pdsi-SAVI-NDVI 0.815 0.893 0.976 50.218
% Cum_Pr-NDWI-pdsi-SAVI-NDVI-EVI 0.838 0.868 0.942 48.047
Cum_Pr-NDWI-pdsi-SAVI-NDVI-EVI-Pr 0.855 0.651 0.807 39.229

1 Cum_Pr-NDWI-pdsi-SAVI-NDVI-EVI-Pr-PET 0.864 0.638 0.818 39.275
Cum_Pr-NDWI-pdsi-SAVI-NDVI-EVI-Pr-PET-SPI 0.868 0.667 0.817 38.817
Cum_Pr-NDWI-pdSI-SéA’:I/I;-IJIDVI-EVI-Pr-PET-SPI- 0.819 0.984 0.992 49773

Cum_Pr 0.978 0.135 0.367 17.799

Cum_Pr-NDWI 0.985 0.096 0.310 14.550

Cum_Pr-NDWI-pdsi 0.987 0.083 0.288 13.679

R Cum_Pr-NDWI-pdsi-SAVI 0.987 0.080 0.282 13.071
z)? Cum_Pr-NDWI-pdsi-SAVI-NDVI 0.986 0.090 0.300 13.862
z Cum_Pr-NDWI-pdsi-SAVI-NDVI-EVI 0.986 0.088 0.296 13.659
1 Cum_Pr-NDWI-pdsi-SAVI-NDVI-EVI-Pr 0.986 0.087 0.295 13.736
Cum_Pr-NDWI-pdsi-SAVI-NDVI-EVI-Pr-PET 0.970 0.184 0.429 19.174
Cum_Pr-NDWI-pdsi-SAVI-NDVI-EVI-Pr-PET-SPI 0.970 0.184 0.429 19.177
Cum_Pr-NDWI-pdS|-S£’:|/I;-\I>IIDVI-EVI-Pr-PET-SPI- 0.967 0204 0,452 20111

Cum_Pr 0.935 0.060 0.244 12.459

Cum_Pr-NDWI 0.944 0.051 0.225 11.719

Cum_Pr-NDWI-pdsi 0.944 0.051 0.226 11.764
Cum_Pr-NDWI-pdsi-SAVI 0.944 0.051 0.226 11.744

3 Cum_Pr-NDWI-pdsi-SAVI-NDVI 0.944 0.051 0.226 11.744
S Cum_Pr-NDWI-pdsi-SAVI-NDVI-EVI 0.944 0.051 0.225 11.719
0] Cum_Pr-NDWI-pdsi-SAVI-NDVI-EVI-Pr 0.944 0.051 0.225 11.719
Cum_Pr-NDWI-pdsi-SAVI-NDVI-EVI-Pr-PET 0.956 0.040 0.201 10.234
Cum_Pr-NDWI-pdsi-SAVI-NDVI-EVI-Pr-PET-SPI 0.956 0.040 0.200 10.194
Cum_Pr-NDWI-pderS:I/I;-I\)IIDVI-EVI-Pr-PET-SPI- 0,056 0,040 0,200 10,194
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Figure 2- Correlation of investigated parameters with changes GWL
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Figure 3- Results of modeling groundwater changes using different methods
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