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Extended Abstract

Introduction

The escalating global demand for water, driven by population growth, urbanization, climate change, and excessive use of
fertilizers and pesticides, has significantly impacted groundwater levels, leading to soil salinization and desertification.
Continuous groundwater extraction exacerbates aquifer depletion, increasing pumping costs and limiting production capacity.
Accurate groundwater level estimation is critical for effective water resource management, especially in arid and semi-arid
regions like South Khorasan, Iran, where water scarcity is pronounced. This study aims to address the challenge of predicting
monthly groundwater level fluctuations in the Birjand plain using advanced modeling techniques. Traditional physical and
numerical models, while reliable, face limitations such as high computational demands, data dependency, and an inability to
handle nonlinear conditions effectively. In contrast, data-driven and artificial intelligence-based models offer simplicity, speed,
and reasonable accuracy, particularly when historical data is available. Fuzzy logic-based models, especially nonlinear fuzzy
regression, excel in handling uncertainty and complex relationships in hydrological systems (Asadollahi, 2023). This research
evaluates three fuzzy-based models—nonlinear fuzzy support vector regression (NLF-SVR), fuzzy nonlinear autoregressive
regression (FNAR), and fuzzy linear least squares regression (FLSR)—using climatic variables (temperature, precipitation,
humidity, and evapotranspiration) to enhance prediction accuracy and support sustainable groundwater management.

Materials and Methods

The study was conducted in the Birjand plain, South Khorasan, Iran, a region characterized by an arid climate with an average
annual rainfall of 169 mm in the plain and 216 mm in the highlands. The Birjand aquifer, spanning 3155 km?, is heavily
exploited, making it a critical case study for groundwater management. A comprehensive dataset covering daily climatic
variables—mean air temperature (Tave), precipitation (Prc), relative humidity (RH), and evapotranspiration (ETo)—from April
1998 to March 2017 was compiled from regional meteorological and water authority stations. After quality control and
preprocessing, daily data were aggregated into monthly values. The dataset was split into 70% for model training and 30% for
validation. Three fuzzy-based models were developed: (1) Fuzzy Linear Least Squares Regression (FLSR), which extends
classical regression to handle fuzzy data; (2) Nonlinear Fuzzy Support Vector Regression (NLF-SVR), combining fuzzy logic
with support vector machines for nonlinear relationships; and (3) Fuzzy Nonlinear Autoregressive Regression (FNAR),
designed for multivariable fuzzy predictions. Model performance was evaluated using Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), and Nash-Sutcliffe Efficiency (NSE). Fuzzy numbers, particularly triangular fuzzy numbers, were used
to model uncertainty, with Gaussian kernels applied for FNAR and NLF-SVR. Parameter optimization was achieved using grid
search and generalized cross-validation (GCV).

Results and Discussion

The analysis revealed that the NLF-SVR model outperformed both FNAR and FLSR in predicting monthly groundwater levels
in the Birjand plain, achieving an average RMSE of 0.15 m, MAE of 0.37 m, and NSE of 0.99. The model effectively captured
complex, nonlinear relationships between climatic variables (Tave, Prc, RH, ETo) and groundwater levels, particularly during
warmer months (July—September), where regular water consumption and evapotranspiration patterns enhanced predictability.
In contrast, performance dipped in colder months (November—February) due to irregular precipitation and delayed groundwater
recharge. The FNAR model showed acceptable performance, with higher sensitivity to seasonal climatic shifts, while FLSR
struggled to model nonlinear dynamics, exhibiting higher errors and lower NSE. Nonlinear fuzzy models demonstrated
robustness against outliers and noisy data, maintaining approximately 85% of their initial accuracy even with 30% noise,
compared to a 60% accuracy drop in classical models. Limitations include the study’s focus on a single region and reliance on
climatic inputs alone, suggesting future inclusion of factors like land use and geological characteristics. The NLF-SVR model’s
high accuracy supports its application in early warning systems.

Conclusions

This study demonstrates that nonlinear fuzzy models, particularly NLF-SVR, provide superior accuracy for predicting monthly
groundwater levels in the Birjand plain, with RMSE of 0.15 m and NSE of 0.99, outperforming FNAR and FLSR. The ability
of NLF-SVR to model complex, nonlinear relationships and handle data uncertainties makes it a robust tool for hydrological
forecasting in arid climates. Key findings include the models’ enhanced performance during warmer months and reduced
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accuracy in colder seasons due to variable precipitation patterns. The robustness of fuzzy models against outliers and noisy
data eliminates extensive preprocessing, preserving valuable information. Practically, NLF-SVR supports sustainable
groundwater management through applications like drought warning systems and optimized irrigation scheduling. However,
limitations such as region-specific data and the exclusion of non-climatic factors (e.g., land use, geology) suggest caution in
generalizing results. Future research should test these models across diverse hydrogeological settings, integrate deep learning
techniques, and incorporate additional variables like climate indices and satellite data. Developing multi-scale models to
capture both short- and long-term fluctuations and creating decision-support systems for real-time water management are
recommended. This study underscores the potential of fuzzy intelligent systems to enhance groundwater management in water-
scarce regions, paving the way for advanced hydrological modeling.
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Table 1. Measured statistical features of the meteorological variables at Birjand station

Meteorological Variables (Monthly)

Statistical Parameters Tave RH Prc ET, GWL
9] (%) (mm) (mm) (m)
Maximum 26.74 71.83 17.07 7.42 1340.51
Minimum 8.07 9.58 1.29 2.51 1352.35
Mean 18.13 30.86 6.87 5.13 1346.68
Standard Deviation 3.29 11.08 2.20 0.84 3.50
Skewness 0.47 0.72 0.11 0.14 0.01
Kurtosis 1.46 0.90 0.39 1.72 1.18

Ollas gy )lai 1551 dlae! -Y-Y
Cogas @b buwg A (556 dsgerme (556 ladsgens &)lai >
Ala] = A dsgazne Wi O Dgd o iy yai g R — [0,1].
Do oo Ly Y Ayl O jqody

a € (0,1] [a] = {x €R[pzx)=a}d ()
Sl 9939 Wl ¥ alal) ©jgod A (56 degere Sy
oy las AV[a] 9 At[a] b cwpa Ala] oy olp Vb g ol
~gud 00

[0] = {x € Rl uz(x) > 0}Supp (A) = A4 ()

bl 5 slaile p (He ol Sladte dawgi gin o8
«oorldl g (Sofglgrien laodly )3 (S5 Cuslad pie 929 4 oy
G932 Geoins 315 il sl 5B slad o, 5l o3lizl
plagl o Cuslad pas (il o Culilb 3,5, cpl iy o jlaiay
L o ) g alaiel BB mls 9 Wyl 1y edly > 2340
dlael g5 Sl cslsl )5 (Chukhrova and Johannssen, 2019)
@l dngs sloJde oll 5 4l 5 bl 4 bysyo Sllas 5 (56



FEA U YPY Ol Y £+ 0l o) 8)lowd T 0,93 /STo g O Cu e g (55 Lwoibe g paid /] Ko 5 (5 9ol ieT,5 ¥

Cunl s Slagpe (08 (o) Jgol polisl e siloain
Chen et ) ol Cualad pac gl sloodly (g5lu i 4 B Jo
.(al., 2021; Guo and Shen, 2019

lp il Slupe (n S (b (g )Sy Jaa 5l Giagh cul
SIB ke 35Sy 2 (e iy slasbyy 2 (2L
w015 o3ldtu]

NLF-) s pf (318 oylwindys 105 (ygam0,5 5 Jro —0-Y
(SVR

oG9 Sy 9 36 3o 5l (Al NLE-SVR (oloiiy Juo
PO et g ooy blyy (gilw e colils oS canl by
)5 s p> (%0, Fi)Yiz,2,.m ojgal 0315 degacme (Jho
ol 01 odnlive 29y F; € F(R) 5 (639y9 X; € RF a5 0
i sl dgse o il A € R L agagyy Ly slo
(RBF jlazsl ) " sgls' )8 5l (s o Sy (sLad 4 ool
Yool S as eslael K(x;, %) = exp(-yllx;, (7)) &b b
Sl st S o el i sl xS s
Flwo 3 oglhae 3Slas g ooy (Jadpé Ly, (silo]se
b ol (S5edg e (sbeodls b g )5

K(x;, paic o a5 odd ciyyas K(A,AY) 1 diad (o plo
Vo) ©jgon Jae (b gt 51 b 3)Sdes ol X))
Py ol

X, A @ W) @ bf(x) = (K( (V)
buly)) 29850 035 (055 (Silusingg dlse s Bk I o ol

:(\\
(w.b)
~ .nwg}iy i e
= argmin——+3, ’ O Jsl
i=
- K(x;, ADw — b — dk(fg],
AL
Us, 15) = argmin[—
m
- >
Py Vi .
2 i=1 Ay
— by, R £9d M)
- K(x;, AW —b
— ¢:(7)
+ K(Xi,At)lW
+ )],
(1w, 75)
Il 15 :
argm}rrbl[ > +ZZL (i + 1y, >
= po~

— K(x;, ADW — b — ¢ (1)
- K(Xi, At)rw - Tb)]’
& uwl ) S84 e opl 0 Jlee plgieds &S (Sl b U
(VY dayly) ol o5
0<T<1L°(x) =x(t — Lwo) (V)

3 Fuzzy Least Squares Regression
4 Radial Basis Function

WSl R eE g dgdore iy b < Ala] @ € [1] 2 6y S
ool (FN jlazs] 4) 656 sse O A (658 degao
SEre SELR el pyd lislre g aled Jorud sl
(" dat)) 59 o0

=(a; Lo, Ta)1rA (v)
5 Cosl Sy sling Ta g o St Lo w535 p0 ko o o &S
S o pazeda |y 5 2as culy 5 G JSSIR G L g2 pe
ol ¥ dlayly Oygods (651 20 Cogie mb

( (a —x
L!, a—l,<x<a,
la

ui(x) = ! (t—a) ()

R asx<a+r

rll
L) = «Scnl Jsl Jl ws)be R g Lo po &l (sl o) Ll
g @l R(X) s L(X) 31,5 s L(0)=R(0)=1 pgs R(1)=0
i [V o] g9y <SS Jo5 9
&9 & (TEN jlaidla) "5l ahio olael jl buee imghy cpl )
4 TN Cogae b ol oud odliiw] cdiiws (556 oluel ;I ol

0 ) ol 5 255

x—(a—1
@l <x<a
{asn
i =< a+rg,—x 0
Ha(x) — % T a<x<a+rn, )
0, xeR—(a—lg,a+1)

:(V 5;’ Jagla))lg.\iﬁl).g d}léb'\‘c?')wd‘)'\; u)aogé@uua.c
@®B=(a+b; lg+ 1,1, +1)rA )
{/1 ® A= (Aa; Ag, At if 1>0, v)
(Aa; =y, —Alo)rL, if 1<0.

Si6 Slaye orpeS b pgmeS, Jso —£-Y
(FLSR)

3 slasoss (FLSR jlaislag) o35 hapo o yinS (s ygm )
Sy (651 dlael Cygody |y ol aS Cuwl oS ome )5
U S o Jdo 1y aodly plagl 5 el pae (5 pl b g 3,5 o
dasly B (536 calpd 9 X lacsdgyg 407 (558 Jdo (29,5 29500
(A ) cul

n
37i=2ﬁ~,®xu+€i (A)
j=1
)5 4iseS FLSR Lol Gan .l Jio (5518 slas € ()] o o

0 Sty 9 ododalie (sld >3 oy Aol Olaye gaazme

J= ) 1= ) B ®xyl ®)
=1

! Fuzzy Number
2 Triangular Fuzzy Numbers



Ak S3U odgn sailobu g cpmuilo (6,50 55509, b Suis waldl 13 e j Ol daw 3,91

ol 43156 Wb (ligy dowl b hy g did LB K() ol p3 o
¥ ij).o
3B ot e Bl Jolds a8 Wb o drwgl (glieS @ ) Al o Jo
0% 2a) 55 il o S,
= i) @ f2(%i2) ® &7 (%)
=K
Rgde Jolbs Vo dal) N Ay 3 fi (Fin) ISk L
=K -
~fi @) ®LE) B &y ()
S5 s s o b 53 55, THasSTe 30,85 Jlos
(VY dayly) 5,8 o S5 0 puiite S
=K -
. ©nfi &) ~= 2(&2) @ & ) (Y\)
Yy :\]a.sl) O ygody fz(iiz) d).a.cl)l)l.s ;))9‘).3 Al :\J.>).o c\JLw.o
D9 o0 dumwloro
=K
f (&)=
=K
EB?=1 (WZj(fizi hy) ® (}7}‘ On f (9?11)))
by

D(Xi2.Xj2) D(Xi2.Xj2) ~
= KEEEERypn K (FEEE) w2 (%3 hy)

(V)

2‘“ jJ.>).o
Folo o8 S (il dad e 20U L olyen VWY Ay cdls o ol )
(VY dlasl) 39 00 48,5 s )3 f

=f1(fi1) @ fz(’ziz) @ };3(9?1'3) D &, (YY)

=K =K

Y¥ Z.\a)l) )b Al 9 3 J>|).a )1 fz (fiZ) 9 f1 (jil) ﬂbLmo
Mg s ISl

7K s o 7 (% 25 (VF)

=fi (%) B f, (Fix) ® f3(Xi3) @ &7 (

Job VO dally 8F Ay B g3 g9y DagSle 385 Jlesl L

Py o
~K =K
¥ ©u (i (%) @ fz~ *:2)) (vo)
= f3(Riz) @ &
\td :dw.‘) O gody J-§ J>|)*° alde f3(x43) d)bl)l.’..u /55)91)9
Dgd o (s
f;K(f3) = @?:1 <W3j(fi3i h3)
® (704 (i G (v5)
~K
o (aa-z))))
(p*l) :ll>).a

fo1(Fip-1)) S25lp 5 a8l @l (p=1) o 55 Y sl 3
Do oo Juols VY dlaly &ja0ay
s K,
fo-1 (xi(p—l))
= @1 | wp-1;(Fip-1i hop-1) (vv)
_ =K
® (371‘ On (1D f, (M’v))))

{2led) p >y

3 Hukuhara Subtraction

1 ASYIP1
IA =
0 L, Sl
bl g yhe WSke b Jloy 3kl Syl LT(x) ol o o

oad ol (lis & 5l (Jue gladominl b dige (2Ll sl
(I dlarly) 350 cin o 05 JS5 4 &5
k(g xp)= (1= 25250,
Weba (W)
II'x; ;xj [ <1

SlaSed oo Sl ol by g € € Juo S8 sladominl b
Hme 55 Loy (GCV) adl puass lie v jlie! jlre 5 (olod
{(VF dasly) 3950 a5 5 ©)900 GCV

=1 WiK (xg, %7)

cevg =1 -2 )0
g né YT TR wi (i x0)
Kung and Hao, 2023; Li et ) cusl Jdo jlwjlsen Lusyile S a5

(al., 2020

(FNAR) (55 (s yoé om0 (Sgamw )5y S —1-Y
5 3B SrodiS by Jold &S (551 (rex (g )S) e 50
Solon (gly oddosalie (sloodly D4 o (58 cCunl (651 slaguuly
Dy e 03 Lioled Ty, ¥ = (Fig, Kizs o, i) T g0ty (5)lel
O dged BB 5 (65 (rex w5y Jdo daodlsy cpl el
(08 ) el

A &) @ f2 (%) & ---~€9 fo-1(Fip-1)) (Va)

@ fHpGEip) @&

(V7 dla)) 39 adgi 5 ©ygots Slgioe (rized Jio ol

=0, iG) @&y (V)
Soysie Xij (i gl i = Vi lyn 3R o) » &
$ib ey @y i) = (RGED; i), frEd)ir «sibys
At (656 (slas alox € 93,90 (sl
x = pasede Aok o1, oo fp 58 25 &y sl
25 gt Tl o s (rex (il gy (B Fa e Ep)T
ol 04 dlgindus
) ds e
ad)S > i bpate S B (Sl (g )S, Je
OV Aal,) 9,

= fi(&) ® €43 (W)
Copot i (1) 53 8355 53 Bgymm 5 ol S350 s
A dasly) 59500 (e 525

R ) = @)y (G hy) ®,
Sk (W)

D(%i1,%j1) D(Xi1,%j1) ~
= Ky R0 K (5w (s )

! Generalized Cross-Validation
2 P-Step Back Fitting Additive Method



FEA U YPY Oloio £+ 0 Jlw o) 8)lods T 593 /S 5 Of Cu pr 5 (55 lwbo o paid o5 9 5 ool 3ely; VEN

B=@ml,r")sA=(mL,r) LR ;b e 93 ¢lp Dy Aol
Taheri and Kelkinnama; ) ué salgs duulxe YO dlasly & )q0
:(2012; Chutia et al., 2022
D,(A,B)
1

_(Im=n* + LIL=U|> + R|r —r'|*\2 (Vo)

h 3
Xk R = fol Riw)dw 5 L = fol L) dw ol o
.(Hesamian and Akbari, 2020)

Couy g adl -Y

3 ookl b (639)9 (sladoimlyd (o8I Jolod Y-
S8 ilwde

SSiddoyln 25y p She ladorwl b Sloj Jldy Jdod jlaieds
Sloyste p by g (b il sl Jae iz cudd gl
9y 5 (RH) (s oy Pre) (Sl (Tave) lawgio (slod
et s (651 Jae db s zobs b Jlee! (ETo) Juwsly (5,0
& o B pie () (Jad 8 (6lagSl g oumy llogs (gilojl
FUY ladsd) o) g5y 3 Sdas ((das Joo

Fitted line plot with NLFR method

= Variable .
13529 o owLim)| e e .. [N < T .
ETo hat . .. . e
'Y . ® -t LA
1350 e . e
[ . . .
S A .
JECE [ & P .
= | / -\ A f
E f .|
= . \ o7 e o
-E 1346 I \‘l " “ \e7 W LR
3 o . / \
. . . \. I I o/ .
13444 . . \ I . * . \
. . .
. \J . R
PR e e . P
1342 ¢ e N - .
. . tea e . .
. B .
1340
v v T T T T T
1 2 3 4 s 6 7 8 9
ETo (mm/day)
(a)
Fitted line plot with FLSR method
y = 1358 - 8.099 ¥4 Fto (mm/day)
+1.717 34 Eto (mm/day }**2 - 0.1127 1 Eto (mmv/day)**3
1352 . .
. . ... . . H
’ l‘ . .
1350
1348
£
=
g 16
1344
1342
1340
1 2 3 4 5 6 7 3 9
ETo (mm/day)

T 9 820 35 9 Pl O Al (65l - JSCS
Jo (9 551 (b pué Joro (W1 51 o0liiol U ghaojpe 5
56 b
Figure 2. Simulation of the relationship between
reference evapotranspiration and groundwater
level using (a) Nonlinear fuzzy model and (b)
Linear fuzzy model
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Fitted line plot with NLFR mettod
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Figure 4. Simulation of the relationship between
relative humidity and groundwater level using

(a) Nonlinear fuzzy model and (b) Linear fuzzy
model
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Figure 3. Simulation of the relationship between
relative humidity and groundwater level using

(a) Nonlinear fuzzy model and (b) Linear fuzzy
model.
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Figure 6. Comparison of the percentage of performance retention of fuzzy and classical models against noise level
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Table 2. Detailed results of the stability test of fuzzy and classical models against noise

Stability status Performance degradation level Accuracy retention RMSE  NSE Type of model Noise level
Reference - 100% 0.12  0.95 Classic 0%
Reference - 100% 0.10 097 Fuzzy

Reduced Medium 91% 0.18  0.89 Classic 50,
Stable Low 98% 0.12 095 Fuzzy
Unstable High 82% 0.25 0.82 Classic 10%
Stable Low 95% 0.14 093 Fuzzy
Unstable High 75% 032 0.75 Classic 15%
Stable Low 92% 0.16 091 Fuzzy
Unstable Very High 68% 041 0.68 Classic 20%
Relatively stable Medium 89% 0.19 0.88 Fuzzy
Unstable Very High 61% 0.52  0.61 Classic 25%
Relatively stable Medium 87% 0.22  0.86 Fuzzy
Unstable Critical 55% 0.65 0.55 Classic 30%
Acceptable Medium 85% 0.25 0.84 Fuzzy

S Slupe (S (S g5y 9 (FNAR) (g5l Jas ye
Pl iy > (onjj o jl Blale i sl (FLSR) $38 e s Sdos (2L, TV
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Table 3. Comparison of validation indices of the fuzzy models in estimating the monthly groundwater level of the study area

Train Test
Model Month RMSE (M) MAE NSE RMSE (M) MAE NSE
Farvardin 0.392 0.285 0.970 0.312 0.331 0.927
Ordibehesht 0.768 0.291 0.870 0.600 0.372 0.709
Khordad 0.428 0.390 0.924 0.646 0.413 0.661
Tir 0.526 0.450 0.948 0.488 0.368 0.815
- Mordad 0.511 0.434 0.931 0.497 0.409 0.810
Z Shahrivar 0.585 0.519 0.936 0.466 0.390 0.831
2 Mehr 0.555 0.431 0.943 0.510 0.330 0.794
Aban 0.460 0.349 0.957 0.310 0.333 0.925
Azar 0.549 0.415 0.943 0.305 0.258 0.926
Dey 0.324 0.248 0.980 0.305 0.285 0.926
Bahman 0.400 0.324 0.969 0.337 0.203 0.910
Esfand 0.457 0.402 0.821 0.586 0.522 0.719
Farvardin 0.153 0.152 0.995 0.155 0.154 0.980
Ordibehesht 0.149 0.148 0.995 0.154 0.153 0.981
Khordad 0.156 0.155 0.995 0.156 0.155 0.980
Tir 0.158 0.157 0.995 0.152 0.151 0.981
z Mordad 0.155 0.154 0.995 0.156 0.155 0.980
- Shahrivar 0.152 0.151 0.995 0.150 0.149 0.981
9 Mehr 0.150 0.148 0.995 0.153 0.152 0.982
= Aban 0.148 0.151 0.995 0.151 0.150 0.982
Azar 0.164 0.161 0.994 0.153 0.152 0.981
Dey 0.156 0.155 0.995 0.159 0.158 0.980
Bahman 0.155 0.154 0.995 0.156 0.292 0.855
Esfand 0.170 0.165 0.995 0.150 0.149 0.982
Farvardin 0.002 1121 2.340 2132 3.453 3722
Ordibehesht 0.215 1.229 2.296 -2.250 3.571 3.861
Khordad 0.518 1.440 2.542 2.142 3.600 3.890
Tir -0.638 1.682 2.941 2221 3.742 3.921
Mordad -0.051 1.556 2.798 2.050 3.403 3.665
= Shahrivar -1.784 2.109 2371 2.139 3.600 3.415
% Mehr -0.932 2.131 3.094 -1.501 2.365 2.705
Aban -1.065 2.115 3.244 -1.944 2.543 2.770
Azar -1.129 2.430 3.356 -1.600 1.716 1.843
Dey -0.226 1.352 2.554 -1.288 2.279 2.609
Bahman 0.003 1219 2.308 -1.290 2.372 2.607

Esfand 0.007 1.272 2.321 -1.319 2.399 2.611




FEA U YPY Oloino Y E+0Jlw o) oyl 1 0,93 /STo g O Cu e g (55 Lwrde g pali /3] 5 (5 peliid iel,5 VO

i 8L Sl (gl jo aw (gjludinge 20T )l S 0
9 e0mb Vb b b plojen (655 ) L) (6l A
A 3 Jhe ot luk 4 e & 3yl palp (55
Oyt cddllon Cpl sloadl 1 (S 0 (6399 (sodl> il oy
5 55) o5 csloole 3 3,Shae (pyizg 232 la e >Slee Lo
oanlite ((yoge B o) 200 (sliole )3 5,Skos (3 jinss 5 (12,065
P st 23 s Lol Jole g 4 lo o 1y S opl
B g ekiie )5 g o 5 ol Bpae gl )5 (slaole
2 g oo e (S5l slaole 13 pg> el 5 sty
w3 g &) e o g 2 ol b g S0k om0z Sl
sanl  Sao die; yd Zhang et al. (2022) gols b 4l )
5 35 FNAR Juo 0y cilbas oo Juad )3 slgsol adss
Viais! o8 ol b bl 5 g glaole 5 (slojlaiio i
5 g couldl SSL Sy 4 Jio ol S Comlus Jdoe
S8 sl (ol oo cunl booygd cnl )3 Jgomernd o)l
pe S ks 5 ol cubls (S o e 4 cows
ol cal 536 laie 32)b 5 (639)9 (sloodly )3 3290 (slacaalad
pas b olyom lagspSojlul &5 (S3glgyden Bluwe )3 0fgr Sy
Kumar et al., ) 55 o0 z8ly duto ;s el a5 b6 (slacoalad
Oy by cpidle US43 (656 late I eolatul (xBly 45 (2023
ok pis Cople Jols & o 3 parie bl
e (SuSly Jhgeicusl (Bilpgie (85 b Gpbiress
NLF-SVR Jio 04 sy 9 04 odaline (551 g0 g (65550

sl 005 0038 pygeai 4 A oV JSi5 13 FLSR  FLSR

NLFSVE WL | T =08

s timated GWL (pn)

1342

1340

1340 1342 134 1346 1348 1350 1352
Observed GWL (m)

@

o ol 5l Gwiie > NLF-SVR e 83kl 398 5,Slas
Omdlo (55550 (sl )sS b (551 slate (oS5 &S a3 0 (LS
P b ) (Ko slasnlp le Sugmy sl 28
Suid bl )3 a5 35 0 ciclae Sloj ol ) a5 il Lo
Copde sl (wojps ol lie (355 (msia 45l g Mt 4219

D9 4S54 sl (6y900 Bl cul b
NSE 4 Sahoo et al. (2017) Liagh b adlas cpl il Jols gubs
ShgkiS (g ) oedle g5k sbdse ]y AL I S
@l Sag) 425 B (555 5 005 Augllio id)S [)l3S 150!
3, Slos oy yies Kumar et al. (2023) ¢ pinpr o3 0 ol |,
ol 33 NLF-SVR s 3l Jols NSE L awglis o & WS
3ble ;> Mohapatra et al. (2021) adllao.cosl oS ing}s
sio +IE¥A L «/\WA 5o RMSE polis cin (SG5gleS1— (5,508
Jols RMSE . 55ke 45 03,5 5355 ANFIS sl Jse (6l 1,
g 5k 2l )13 Slallas oyl Cgllas 83gu5xe > NLF-SVR s |
At iz 2 35 5y 5 INLF-SVR Jso 3 Sles (555
GilwJse oKl ilio (551 slael jl oalatw] s Cunl o JoB
4 e 45 25l 0 ool 3 1) (Suelgyum clooals b cabad pus
b By g8 S5 g 9o (b S bl Sals
L 1y YU ay Sy (gld &y boools el cullb gj6 slaie
@ G (SHl 0L &6 pgw lod o (el Cuhad pas S
OM I) L&:b.\)Lou.‘?lJ JLO)) é")?" 9 009 )4#35[9.0 b.)l.’l."?l)a.) )J.)LD.A

1356,

.
13544 *

s tinzated GWL (i)
=
'kq
.
%
A,

F] . fy -
. . ia,&‘ )
1344 gﬂ
. Y.

1340 1342 1344 1346 1348 13%0 1352
Olserved GWL ()

(b)

Ve
13924 o o

e FLSRGWL

13484

1346

Fstimated GWL (m)

13444

13424

13404

1340 1342 1344
Obsersed GWL (m)

1348 1350 1352

FLSR (z 9 FNAR (& (NLF-SVR (&I s Juso bawgi aildle (ouojp; @l gelaw o0id ol o (535 po 3o -V JSS
Figure 7. Estimated central values of the monthly groundwater level by the models: a) NLF-SVR, b) FNAR, and ¢) FLSR
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