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Table 1- Summary of prekus studies on th plication of artificial intelligence models in groundwater
simulation
Researcher Study Area Mode Used Target Data Split  Best Model Accuracy
and Year Parameter
20Q0-

70% training, ANFIS

R?=0.98

ANFIS 30% testing SVM
GEP, M5, EEMD, 75% training, =~ CEEMD- _
CEEMD, WT GWL 25% testing cep 082
IWQI 70% training, _
2009-2019 RF, ANN, SVR (TDS, SAR) 30% testing RF R=0.99
NARX, LSTM, 90% training, _
2005-2020 CNN GWL 10% testing LSTM  MSE=0.12
Not specified XGBoost, SVR, IWQI 70% training, XGBoost R=0.9834
166 samples KNN 30% testing SVR RMSE=2.82
75% training, R2=0.99,
2010-2022 GBR, SVR, RF GWL 25% testing GBR RMSE=2.98
.. 80% training, R>=0.877,
2000-2023 ANN, MLR EC (Salinity) 20% testing ANN RMSE=0.747
80% training, MAE=0.356m
2000-2010 RF, SVM, LSTM GWL 20% testing SVM MSE=0.37m
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T@- Statistical characteristics of groundwater quality parameters of Qazvin Aquifer (2001-2021)

Water quality parameters

Statistical

.. EC TDS Ca Mg Na K HCO3 Cl S04
characteristics
(uS/cm) (mg/L)

Minimum 313.00 188.50 0.45 0.27 0.39 0.01 0.50 0.30 0.20
Maximum 9080.50 5811.50 31.79 22.40 59.76 0.50 12.17 58.04 31.67
Average 1740.73 1088.02 4.22 3.83 9.05 0.08 3.69 7.81 5.61
Median 1452.50 911 3.52 3.43 6.92 0.06 3.65 4.9 5.11

Standard deviation 1126.84 706.85 3.06 2.67 6.62 0.05 1.06 7.92 4.05
CV (%) 0.60 0.65 0.73 0.70 0.73 0.73 0.29 1.01 0.72
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Mode 2640.00 379.00 2.49 4.62 3.50 0.05 3.70 0.70 7.92
Kurtosis 3.39 3.44 11.33 4.78 4.70 10.65 2.88 4.46 3.57
Skewness 1.40 1.41 2.43 1.63 1.63 2.36 0.54 1.76 1.47

(VFA-YFe ) (938 plosal alalo (slod g (40, (o5 & w155 (5 5lof Olaaseiiio ¥ Jgix
Table 3- Statistical characteristics of groundwater level, Monthly precipitation and temperature of Qazvin
Aquifer (2001-2021)

parameters
Statistical
characteristics Groundwater level Monthly precipitation = Monthly temperature
(m) (mm) (0
Minimum 1099.35 0.00 -3.98
Maximum 1411.15 80.99 9.04
Average 1192.88 15.22 Ly
Median 1172.23 11.87
Standard deviation 58.54 13.28
CV (%) 0.05 0.87
Mode 1265.79 0.00 18.86
Kurtosis 3.06 ‘2.37 -1.38
Skewness 1.90 - 1.42 -0.05
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Fig. 2- Flowchart of the Methodology
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Table 4- Performance evaluation of KNN, RF, XGBoost and ‘GB odels, i edicting Groundwater quality

(EC) based on statistical indices in‘he\ and test stages
Train Test
Model
MAE R R? R R? NSE nRMSE
KNN 844720 09938 09865 115377 09890 09772 09772 0.0255
RF 21.6462 09994  0.9988 58.9195 09965 09929  0.9929 0.0142

XGBoost 183538  0.9997  0.9995
GBR 36.3105 0.9990.‘ 0.9980

W
N

N

62.0052 0.995 0.9910  0.991 0.0160
58.6144 09963 09927 09927 0.0144
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Table 5- Performance evaluation of KNN, RF, XGBoost and GBR models in predicting Groundwater level
based on statistical indices in the train and test stages

Train Test
Model
MAE R R? NSE nRMSE MAE R R? NSE nRMSE
KNN 6.4242 0.9880 09746 09747 0.0306 8.0717 09799 09592 09593 0.0376
RF 0.5448 0.9999 0.9998 0.9998 0.0026 1.4175 0.9993
XGBoost 0.4223 0.9999 0.9999 0.9999 0.0019 1.5086 0.999
GBR 0.8226 0.9998 0.9996 0.9996 0.0037 1.3310 09993 .
\* »
KNN - Scatter Plot (Testing Set) RF - Scat}er Plot (Testing Set)
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Fig. 8- Scatter plots of observed and predicted GWL in the test stage
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Fig. 9- Comparison of actual and predicted GWL in the test stage
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Error Distribution Analysis
Prediction Error Distribution

Actual vs Predicted Values Distribution

1000
o (s
T 7000 5 e
£ 750 ] o o
- g ] o o
° o ° 6000 o 9
©  500- 8 ° o
=4 o 8 °
< 8 g 5 ° ° :
= ] = 5000
= 250 = ° 8 8
< 0+- _——— ———— - - ——— —-| % 4000
'g a
= -250 ° 2 3000
w o e 8 w
c ° ° © >
S 50 o 2000
5 ° °
T .750 o
] 1000
o
-1000 o
0
KNN XGBoost RF GBR > & L9 % Q
Model ‘@9 & c?’oo* & &
. +
Box plot of predicted Groundwater Level Model
Error Distribution Analysis
Prediction Error Distribution Actual vs Predicted Values Distribution
? 60 o 1400 o (-] o o
2 g e 8 8
2 e 2
T 4 8 1350 1 g g g 8
o
£ e : g
. 5] °
T o E 1300 § & 5 &
i 8 8 =
< " 1250 T -T-
- Q- S — T — - —-=4 0 S
5 g
w ° o ° ;u 1200 1
i — =2
=
=] ]
E 1150
o 40 g
° 100 == .
KNN XGBoost RF GBR & N ~ % >
Model & & o & &
4©
Model

Mpredicted Groundwater Level, Groundwater quality

oo o L5 (S 0 )liw) @ yo dlais o uo) 0 Ol CuisS g 515 13903 93y 40 Canl yipo ol 5, Slae canisly
Gt w2 (g9, L 45 (¢ psbody 1435, )18 > o dlaili 4y 5,500 4 S5yl blis L GBR 3 XGBoost RF
=W US55y b Jluw RMSE g aly o0lis b sl jlze CBlyoal oV 4y S50 35) YUl (Siads ba Jio ol &8 sy o Lt
Sy 31 ol bles g5 o (st g Gl jtta 2 g po Aol b Jao aus ) Gl ¢ e & S5 4 bgiye sl Jloges
Siasad 643U 4 sl 485 )8 xx o abais | glalasMe LB alold b ol jlages 93y 3 KNN Juo  blie )3 5y S
35 g5 5l yi @ ye b I KNN Jio alold ¢ o) ol cutS ok Joges 3 WY IS5 3 .cowl YL RMSE ¢ 5ol (Sl

3l e wnip o S s 2 Je opl s b 3 ,Slas S5l oS sl e o



% AT

TG sir P

iy g S el 93 2 int 0 Senasisn sladae 3Sles i sk slalaged g )l sl (slaloges 4 arg L
KNN Juo a5 Jb o wsid s Lu).c; 5 3,Sdas pyino slyl> GBR g XGBoost RF (sl Jio bl o i g & (a0
P &S gysbar iyl Sl Lu)m 5,Slos dw o g Cawl 3o Hluw GBR 4 XGBoost RF -y coglas 3l gcams Lol Jaud b 5, Slos
o Ll o oSl by lolis )3 bl SUle (Jae aw ol (5 o s S5 BB sty jols clapl Sbd ¢ )bly (sl loges
Sloj o Siuly guomo (alolid ieins Sl 5l 3y90 ) 9 EC-TDS (g8 alasly 2 35505 (oo o] CusS 2)90 3 1l oyt
S bulgy ol dles wilisco (sla g 4 8l g 0uiSTy 3,59, LKNN Jio a5 Jb 3 sl o S5 sloolo 5 couenl
&S lelis 5o ebas |, Wosls Lol sl

o 515 5 i ol S el 93 2 (St slp GBR 9 XGBoost RF Jols (25,5
U 8> Stmad Jols b)) oloybme oled ;o slazel 5 g Jlul o5 jhs gy sall 93 0 )3 (53

o des gladylS gl Jde dw cpl 51 K e Cbal &S i e LS pased b?ﬁ"().’.l

g dalgs YU slezel ¢ NS ypoud ¢ giwo iy ol malio
a) Taylor diagram - Groundwater Level b) Taylor diagram - Groundwater quality
00 % Reference 0.0 02 % Reference
I 02 ® KNN 1600 : © KNN
80 @ XGBoost @ XGBoost
. RF
o ® rF 1400 o ®
" . ® GER K s o @ GBR
%BQB' \ .
1200},
BOF e Lo
.a-.._‘.h Lant _""-.\
""-..‘,- 1000+ >
50 N .’
ot \\ ’\@m@
. S 800+ :
40 . N e,
u““ o \ .
ol o 5 600 -
B . \ ;
200 ke, 400+
. o L
; 2 s
10 s ] 200+ s
-SSP SIS 0 A S N —
0 10 20 30 40 5 & 70 80 0 200 400 600 800 1000 ~ 1200 1400 1600
Standard deviation Standard deviation

y& Taylor diagram for choosing the best AI models in the test stage a)GWL, b)EC
EC (002 &l g 155 (W 903l dls o 53 (£ga0 (igh e (0 e B! 152 y5hs yl3g05 VT L

& 5 o —F
el odd )] cusS galS Cpiomed g w0l paw 5 b cdl el oS clacuds ST ueips ol @lie jl dgy o cudlyy
S5k e sladde (2l dualis ciagy cul plol | Ban Il (i) o (S g (o8 Sluogad caLd 0900 4 225 L

weing &l g 5l ilednd 5 nein o CutS silwand ) (KNN) &se5 5 e Jio 5 (GBR 9 XGBoost RF) (2,5



"

o
% u;/“n_',;’dw,uf

Rl ]

do Sy Cumnl Jlod 0l it o (ooBly polie auglio ((SuSTy (slajlaged ¢ b)) slayline gy il odelunsty @l 3,5 e
Ll i Ty e 0,Ses j (golaiel BB g )85k (665 ol g (slaran ¢yl (slajloges
loanlio slaoly culio (ST 5 Jiss hoojpisloc] 4 1Al Sty 5 (65,5lS whe slacids (S g cuds & gl |l
0355 s (2938 > gy (ol 53 Adlllas 390 il ¢ e ol CudeS EMSUe 5 o) o kS L
(55 St 5 (25 Salan 5 Jolons Shisly IS s Jo (Snad 45 3 (5 55 o oS St e L
iwois O o Sl (Stsed (e Jeloo ol (ooj; ol ot 3 el ol e 185 Sl 598 Lol slagis o
el gty JB g ()85 et Sl Jlgte slaole ¢
o O CadsS (g ) ) Dged e Jho & G (535 3)Shee (29 (5550k (sByJe &S >
3,80ee ;5 Bl LKNN Juo 58 &l Jas 93 4 605 jlus ol 35 XGBoost Jue g aiils 1) 5 Slas

3806 (29,5 (653 b de «injpi STl silodnd 53 Canl s plerend ) Conid
Lo e ol slo sty 45 Wb olts (S8, (slofogas .38 oS |y lis oy
ol 5l blog olod Wlazuslys la )] 48 260,8 a0l osd s i g (Bly polie dunlio

0391 Gpabate Sy &y Ky Las Ml
jloadls oYL B L) cind b aieS

50y ine Jdo &S Jbb o S olelid iy
9 531> 518 (gygme dlaly pl w1y 265 35505 TDS 9 EC o polis Al T86> Lol L GBR s XGBoost RF (sla Jos ¢ juejyj

u
) odls Hlidlo silauily (29,5 sla s o8 oy LS 5 5 5,8 Wl le)ae
u

ol esaing ol s Sl gt 0 2008 ol S mw‘aaﬁ Olyisd 2opd Ve 4 S35 Cuenl L] TDS yialil
VL oo ¢ loj (slo Sinly oo Al )bl o lolis b b Jas
I oy Ol pitmms (Sloj Sualnd 1 o] uas )3 oS uSaie &
Slee sy 6l 5 Jlno Ol ool e Stsad Jolis (o) slolons (ol
> (29,5 (55530 Giee Jdo dw 4 Wb L glase (slaylages L)l

36 SuSly 5 555 dms KNN Jus &8 Jb 30wl do i 0 YU o)lul g j00 o
w

Wl u"LMI (Lz 9 Ll) 0394y )JASJJ)J solo )l).: 5

2 Jde dw cpl &8 ol L 56 )by g 56k slayl
\

s o olis

ok S 93 0 )0 @l ()3l Aitn o5 Ol (S 5 oS slaytally it lp oletel BB 5 s laaiy
ke ‘-5%)’ 5 eing ol glie Juk Copte dlp 1y gl ) edlisl 5 1S e b 1) e ol )l 5 Sl ol 15 g
oS s yol)l losen (gilwand > GBR s XGBoost RF 29,5 (6,50 p i o Jdo 5y 0,Sdas .led o duogi ()l 0,00
Juilody ¢ Gloj (slo Siualy Sl 5 el e coobts bulyy 380 (alolid 3 bl (LUl g (98 s hieipj o A5
A3 oo 1] (15500 00 Ao (S22 5 g Smejp) ol @lie b o pde sl (lodisS gl

5 Bl polie dulio ( SaSly (sla)bges (bl slme @ (Stumen ol (bl laddos ol pimghy ol @l
Sl g sy (L | b Juo 3)Shos jlslesel LB 5,5l (o5 )bl 5 slasmn ol (slaylages 9 b S iy Conol Jlod 0l sin sy
szl IS0 1) 5 oals



»
P Xy
% ATl
» Ld
cﬂ{l..,l’cphﬁ'dsrf‘d‘gl
i 3y0)5 93 4 3 KNN Jie 4 Caws (65 0 3,0ee GBR 3 XGB0oO0St RF gla Jio 1 29,5 s0u50b o Jdo 650 ®
ol Lt e 5 3l g oS
5ol yaseds wyay |y (L24 L1 (oYL
cd b1y Slblog olos Blatuily (29,5 slaJao 45 15,8 10l (gl o 0, ¢oks ( SuSTy (sloyloges VU (g)lub g cds @
5yl yio Jo 35 pete 5 Jloy i o] slallad g 1S (gjlodns YL

2 GPb da S casal clgSs wig g ogesl 4 ooigel Al pe jl 5Shee il L KNN Juo (KNN (¢ plopuess cind

Sl 5 0329 g8 il (g B> elpl Sibaosd 5 K2s 3blie > s o gl o3l sl tlly & a2y L

Ly (Mg olpd 2 gtse (e sbadyual,
. syl leiedy Wil o o

%o y00 Sy ) sldlaiiy (imgh cpl slaasl olul

d‘-‘z’J“\" Oﬁ‘ Ll o.\;,aj ‘_SLQJA»J dI)J. gj Cft"" Lg)b.g.l,: (sl g O‘)"’. Ll d):f >
pRR355 e (ol oS yots Gk e O ol e gy 42038

Cubd rajp; ol e Cope 3 (2g)S (6S3b s ]

wlalo Sloj ojl )3 5)95 SRIBI L Ol 5l Sl alfimsss JM§
Bblie caucaglsl (Y (29,5 (65l el i Lawg Sl 5155 008 iy ccbaili] Loll s (glals 1o il yy (cloaoli 3005 (¥
9 At il Sud (Al (¥ o)l 2529 295 S e alagise )5 ojigar (Jdo gla2g s jl ooliwl b (&S jlas dxiwe
5 2héhis Gledb] glawloln b ‘ JL oy amBles] (B g 0nieS glaodly (5lojl g oo slaJre p 4S5 b abjaeS

b ol IRl plgea 5 o Jae 5l eslial (V 345 0 8Lyl (938

D e dslie Cuglyl b sblio s g il bl Lol gl s caaigy

9



AT

T ik
et
1- Physical Based 29- Gradient Boosting Regression (GBR)
2- Artificial intelligence (AI) 30- Train
3- Machine learning (ML) 31- Test
4- Simulation 32- Ensemble Learning
5- Groundwater quality 33- Deep Learning
6- Groundwater level (GWL) 34- Numerical Model
7- Nonlinear autoregressive exogenous (NRAX) 35- Instance-Based
8- Long-Short Term Memory (LSTM) 36- Feature importance
9- Convolutional Neural Network (CNN) 37- Scatter plot
10- Gene expression programming (GEP) 38- Taylor diagram
11- Model tree M5 39- Box plot
12- Electrical Conductivity (EC) 40- Radar chart n
13- Sodium Adsorption Ratio (SAR) 41- Bagging u
14- Total Dissolved Solids (TDS) 42- Boosting w
15- Firefly Algorithm (FFA) 43- Memory-Based
16- Artificial Neural Networks (ANN) 44- Neighbors
17- Adaptive network-based fuzzy inference system (ANFIS)  45- StandardScale
18- Feedforward Neural Network (FNN) 46- Permutation Importance
19- Support Vector Machine (SVM) 47- n_egtimators
20- Nash-Sutcliffe Efficiency (NSE) 48-‘rando state
21- Decision Tree (DT) ance
22- Support vector regression (SVR) oosting
23- Water Quality Index (WQI) g rate
24- Extreme Gradient Boosting (XGBoost) 5
25-Irrigation Water Quality Index (IWQI) §- Mean absolute error (MAE)
26- Random Forest (RF) - \ 4- Pearson Correlation (R)
27- Recurrent Neural Network (RNN) 55- R-squared (R?)
28- Generative Adversarial Network (GAN) 56- Normalized Root Mean Square Error (nRMSE)
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Abstract
Excessive withdrawal of groundwater resources has led to significant quantitativé\and ativelissues in
most aquifers in Iran. Population growth, climate change and limited surface water rgsdurce ave intensified
pressure on groundwater reserves to meet drinking, agricultural and‘industr' demands. Therefore,
monitoring and simulation of groundwater level and quality are essenti ¢ aquifér management.
The Qazvin Plain, as one of the country's important agricultural r th high dependence on
groundwater resources, was selected as the study area. Artificial intellj
approach for prediction and simulation due to their ability to leatn complex nonlinear patterns without
requiring complete understanding of aquifer physical processes. bjedtive of this research was to
simulate groundwater quality and level in Qazvin Plain usfig three épsemble learning models (RF, XGBoost,
and GBR) and one instance-based model (KNN). Imthis study, 2 s of data (2001-2021) including
monthly groundwater level, water quality parameters, nd sligatic factors (precipitation and temperature)
were used. Comparison of model performance (P valuation, scatter plots, comparison of actual
and predicted values, feature importance, Taylor diagr ox plots and radar charts) revealed that ensemble
learning models (RF, XGBoost, and GBR) wi nd R? values of approximately 0.996 and precise
identification of pivotal relationships amon , demonstrated superior performance in simulating
groundwater quality and level compared.to the model.

Keywords: Ensemble {‘arning, GB roundwater quality and quantity simulation, Qazvin Plain, RF,
XGBoost. .\
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