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Figure 1. Geographical location of the Shahrekord Plain


http://dx.doi.org/10.29252/jwmr.8.15.1
https://jwmr.sanru.ac.ir/article-1-837-fa.html

[ Downloaded from jwmr.sanru.ac.ir on 2026-02-06 ]

[ DOI: 10.29252/jwmr.8.15.1 ]

&l ) el g5 cliode prizmen 5 O30 )5)
by b b lyS (lge SVM easaislis S
3 K . AN .

gty s JiyS dblaa (f) 32 ¢ 1, T(RBF) (oles
RBF o gl & "puss JS ilie ¥ o,
WS bl odd yaskie B dlaly 1> (F) 2 0 aidlid
P Sgmas mas &Suh g oluidy by wile slaJse |l
ol oddodly Hlis ¥ S

k(u’ V) =uv (\c)

k(u,v) = exp(—MJ , L =y (@)

20 26°

355 Rt Codd (S5 & g 15 Faihey

Cusy ol &’l;.o Spaely g Copde jolaiod
oy swein ol g S5 Gwiie Jl Olgie 25 R
3 ok il Hlgipe s O o Sl g 085
I sbpere s Seidarien il )3 s S e
ggoe slogially culply Sl jsul oje 0 Of il
g dlale (slod bawgio ilale yus gaamme ilale [ Sui)l
Lol VW BV o) S slmolo ) gnejs ol s 5l
MLR (slase (sly 639)9 Olgieas (Sloj 50 4 a2y
S Gt Cas Caol sabas S L 3 SVR 9'MLP
sl b shaalis oy YA cledbl l losol o
Joyd Al b Jde dod )3 sl oddodlaol VWA B VYYVA
uaA)T le)) o..\)Lou_BL o 0 Y. )‘ 9 u,o)aAT (_5‘).: osls J9|
ol ods00lenl

9 Y k}iw » b)lﬁwl))y dlb.).btum LSLQ’DB u.uﬂs.n
DO &y Slo & JSS o eadedh lis 3,5 ge
3 555 2y S o sl By 5 o S (Pl

Vo byye unjnj <l gaw I Clyss )13, 0920
9 Srb s e Jed (ply glosalie ol
& Cawl oddpasuie ¥ SE (0 0,8 b Cudy g
Ol 3 Geeinj Ol a1 g hB Sllg enimdLis
ol Cabd
Je 41 (39,9 slapelly

ggoe) Pl wlojle e 4 (63955 (sloyialily
Sl s gg0me) B yiagle sy lalo (S50
423 cauny bl (o> bowgia) T s en coniny
b (e Gy rojp) &l g 515) G (S le
oudpll (il Jde o> o (gl byl )l pl il el
o]
Sbj p3U

uJLo)‘ S J&w d9>90 L;l.m)b 45&’.\ 4 d>g b
Lld (639)9 sl yiahl 59y 3 loj 535 1l ) s oo
srol )l X .l ond jastive X—a &jgods &S Cowl o
O‘))a] Cawd & d‘)} Jw)l)L;c ).‘.';L olo diss a 9 £29)9
SNuwod 9 (ACF)  Siwweddes @l I 50 e
4 dog b Canl S5 4 p3Y canl sadoslitwl (CCF) lae

WAS kil 5 5le /10 0jled [piia Jlo su5ul oje> Cu e doliingy

Olsdy 1552 oailo

o2 88 Cawl oad el (S0 piwuw 95 S5 SVM
Ooilr &b 2glp g oS lp e g a0y Gl
(RS A6 sbd 39)00 ) 4 g )S ) Jiluws )3 Laodly
2 e ol e & iln @b L laedls saneg)S ) as
Jol J o el sl el xS0k (055 sbo
5w ok (SRM) (ilisle slos (gjluaies
O Sy B (1) 250 (5wt Sliz Sy e
23be SVM (Sgew)S) Jao & (SVR) pluidy Joy
Kok X L;»)S,QT sl gl 1y f(x) &b a8 canl oyl
asld y bjgel polie 1) abls aiuin &5 Jad askis
wxie &S cuwl Jao SVR Jue Sooledy il
O peS &S gemoidy dad o hilp edly 4 1) & cuwlbsl
JISVM Jao p3 (V+) 3,5 &g (9050 slaodly ;> las
srote slp FX)=WXx+b ph 4 plg acgene
b o wbl Jlade b g X by 59 W aS 2445 oo ool
Sl (Saomn Oile 1l ogail slbs (35 4eS sl
balyd ol sl (g oy 5 iloaizaS piliuns 45 293
0> hywS pp ausls L SVR 4y ola Slg e
2 abeids by puedle 308 gl Sy iiis 43 040
S 38 ol gue gl &b eSSl
il o oBly yolis 5l yme AlolBSy 5 a5 1, lalls
Ll &S Cuwline Gl gadse pl (YY) 25 0 oasdb
oo )Ll Gl ol casls Jod B 1y & 5 Gl ol (glade
Slagile (a3 gaiels 5 295 o0 g ¥ dlaly ©)500
2 Caleyd o5 9800 L Ydaly )3 & g £ TdgueS
1229 [RPRC ‘d)l;;';lw L;l.b.& d)‘L»A;,,o.{ J..ol u“’L""
G 5 wshe ¥ oahly 5 gloatgy altes dsg
25 o

0 if |¢<e
g, = : ()
|§| - otherwise
| e o
Minimize: E(ww)+CZ(g +8&)
i=1
& wx +b—y <e+&  i=123..,N (¥)
Constraints: {y. —(wx, +b)<e+& 1=123..N
£20 , & 20 i=1,2,3..,N

S ol 8 C g WS o e 1) ey ) 03900
WS o JySTly el i Blisol 4y bayye (gllas ol
Sl )y it 050 4 odly (655 g S5 (S ysbos
bt ©pgod Losly (518 00 Jos 53 5 8l e
By Oge)Sy S pd hey 5 ks ol
4 (6355 el b ol g0 b e edlaiel loiiy
slad > agysbay b CllS il el b lab
D)5 ExS e )S) (b Gjgen lyie aBl il
535 ool )5 b 4 bysye &5 23185 5l Yyons
e aies AT .
9 Cow why IS @ baye J)S @b 8 e b
ot E309n B b bl il (Senné >

1- Statistical learning theory

2- Structural Risk Minimizatio

3-Support Vector Regression

4- Soft margin 5-Deviation 6- Slack variables
7-Optimization problem 8- Capacity 9- kernel function
10- Linear 11- Radial Basis Function 12- Gaussian kernel


http://dx.doi.org/10.29252/jwmr.8.15.1
https://jwmr.sanru.ac.ir/article-1-837-fa.html

[ Downloaded from jwmr.sanru.ac.ir on 2026-02-06 ]

[ DOI: 10.29252/jwmr.8.15.1]

(Al Jlages & 4255 L) G (63559 yl)ly &5 39550 Sloidiy
Gl (G=3,G-2,G-1 3bob ¥ 5 ¥ o ojlula
@ g b e e 4 oed adS il Jre
P byl S 2gi 0 dpisiig 0 5 7 o slrybdses
T, (E-8) oL:: A ojlule E ((P—=3) ol ¥ ojlula

ol b il Jte sl (T=3) olo ¥ ojlulay

Qutput
Layer

Hidden
Layer

Input
Layer

Input .
Vector X

YA gyt (emas &b by 51 am)Sy Gloie) 2B (o

2 8 sloola > ine e ol s 315 56 58l g ol
Cawl odbodly WU adpe YU el cpl gl ]se
oy sy CCF 5 ACF (glalssel cied lsicds
Lloss 03)51 O JSE ;5 Y oless (slosnlie
dpdp Ol D JSE5 sbajbges 3 &S Heblen
L(T 5EP G) Jus & oy csbasially oot S
el oAb asiie Sy cede L (G) Juo I (295

GWL |
Qutput f (X)

/ | \ \

Vi / A
phor® [Klox)] [KGsx)] - [Kex ) [KGxox, )
n

Support

Vectors X,

Input
Vector

(VF) (s guan (amas a8 (o bty 4y pble (call cpols adllas )3 odlitwlyyge sbo Jio I JS 7k Y S5
Figure 2. A schematic diagram of the models used in this study: (a) SVM, (b) ANN [24]
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Table 2. Results of parameters of MLP and SVR models in observational well No. 1
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Table 3. Results of evaluation of MLR, MLP and SVR models in observational well No. 1
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Figure 7. Observed and predicted values of the best combination in observational well No. 1 using MLP model
during 2009 and 2010: (a) Scatter plot, (b) Groundwater level plot
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Table 4. Percentage of superiority of MLR, MLP and1 SVR models in 18 observational wells used in this research
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Abstract

Accurate and reliable simulation and prediction of the groundwater level variation is
significant and essential in water resources management of a basin. Models such as ANNs and
Support Vector Regression (SVR) have proved to be effective in modeling nonlinear function
with a greater degree of accuracy. In this respect, an attempt is made to predict monthly
groundwater level fluctuations using Multivariate Linear Regression, Multi-Layer Perceptron
neural network modds and two SVRs with RBF and linear function. In the present study,
monthly data (from 2000 to 2010) of 18 observational wells in Shahrekord Plain were used for
simulating and predicting the groundwater level. Regarding to NS efficiency and RM SE criteria,
MLP mode in 56% and SVR in 44%, have the best performance in comparison with other
models. For an instance, in well No. 1, SVR-RBF using input parameters of groundwater level,
temperature, evaporation and precipitation is superior to other models. General efficiency of
MLP, SVR-RBF, and SVR-Linear for NS criteria is 0.703, 0.656 and 0.655, respectively; and
for RMSE criteriais 0.857, 0.905 and 0.914 meter, respectively. Results indicate that MLP and
SVR models give better accuracy in predicting groundwater levels in the study area when
compared to the linear model.

Keywords: Groundwater level prediction, Multivariate regression, Perceptron neural network,
Shahrekord Plain, Support Vector Regression
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