VoY Ol Y o)l .P.A.La.a.kl> comdige gl ey 4 03

SE a0 i oS g milo gy 31 03l b (iwo ) 33 ) LT WIS CllE (i
(b cuid 3,83 390 aadllac) (SAICM) oy © y Ui

TE 0,5 anbld T Jilols aiusw 5437 0 b

Ol @S eso)ls oRKails iy pole 0aSiils (60,15 cwlidiyun 05,5 ¢ Lholiwl )
Ol sl ey ja5 5o colBisls ‘u’_‘a.,qu\ 9 @Lg.)o pole 0uSLiils (i Jaze pole 09,5 | S»LM)K Y
ulf' ‘)mlJLJ wl).»)l.o oRisls ‘u’_]a?}u 9 L53L3_)o ‘551.(: susiils [rasvweg) e [0519 05; ‘)l?\i})‘o Y

VEY/PIYA s ppdy 06 VEY/00/0A Bl s f b

R

S92 ge w5 el 5l eolitnl b olgs oo 1y 05,08 o0 )8 Lo O (6,58 il cos a5 ol slac] aS ob)
gz |y (SAICM) ool &yl cgian (ogn oS po oudle Lhgy SO Gudos opl ols plosl ey ol jo
o2 sloJae b3 e S 5 L SAICM aas o dlgiin (5 ke Cibd gy ol WIS cdale 385 o o
ol sloadle 5T (39, 5l Bkl po WS (o (St S e Ol &l wblS clil (egia
e 4 (99,5 radlie (lgie 4 I IS e b lad o ige oliardis s slo el il olulil Cqz (PCA)
Slsie 4 «(Na, K, EC, TDS, SAR) sbe ol )by PCA 5l Lol> zuls ol 5l oals oolainl esias o5
@S g 558 Ghie (egras (ier Joo )l laml jo 0008 Cbll esias (hse slaJos (59955 slradlse
pous,S b WLlS clale S s Coz ean amas a5 oY (658 Glate (Slaes (538 Glais
o Slosls lis 6l cado 0 LIS leools b pwlie (i35 b Jow sled cg5l Joe 5l ol gl bl
0diS oS 5l eolaul b 1) ailflas Al Jowo ¥ cuion 5l Jols il a5 ol a5Ls SAICM. oS 5 o
il Jie 35 e S5 s S e e (5t S5 1y WIS CIE 5 o390 a5 ¢ ANN a2

WA edt Wil las gla gy 4 Comd (6 5YL Jlwn cBo L 1) w1 IS bl wilgs o SAICM oals slgainn S 5o

bl sloadge 5T sue) s of CuiS (g3l shate oS o ils ( Eotan omac 45l (0319 WS

doddo

DOI: http://doi.org/10.22034/JEG.2023.17.2.1019141 F.Kardel@umz.ac.ir :_Jgius odiungs s



e s sl b ey s T IS clle o i

Sl 5 ol el Jolo laglssul copae Lol Slaal 5 (So (Sogll U5 g seeiny glool Sk e
ol oS Cu e jolits 45055 oo plonl (SiSglser § (liard ((Saied oyl )y ol p (dobo slaplyzel (oS
Sga 0aliul (ira) ) 21 o 29250 WIS b 5 EC el ly 51 (lgiige 25,08 00 )13 by o 558 il o a5 oL
Col 3 (50,8 0 ailiy; Bran o WIS I casin jlake az 51055 oo gmme (GaealdT T 5 oo 32 S IS
Slpian ol Soualal BT o Wl IS 5lre o lasliw] cdalé ail pae ludl ctdlo Gl Wil oo o oljle jlais Ll
ol Lace g0 T aolie 0 wlls a3l (WHO, 2008) wisl oo yid 5 0,5 o +17 b 210 Sle coodlos ol
Joloee Slacios JDlonl eiess s s o 39 ol (gien s T IS Gial3dl onab bt 305 (Sl 5 (onl)
ool> ;o ooliiwl 0,90 (slacSas o(5,9laS oS p Ol )b, Jolis Sl ale s Jb o 0il Sl Jobs g
Fehdi et al., 2009; Rahman ) asb oo s g 55 ads slacudled «(g5,0laS 5 caio Glodols ( olosk cux

.etal., 2010; Han et al., 2011; Wang and Jiao, 2012; Hamed and Dhahri, 2013; Sun et al., 2016
(ka3 38 o gt bl 0l 25 39500 Cmime Cama s 5 ST Slalllne 5 a1l (S5lT Jlil 3ot
sl g, 5l alesal o hos¥T clale o5lwJow cga Wb s 5 90 WSl k;ojﬂ Sl G 4 ol as
s Jilyays SYolre so0e Jo sl (5550 Glodl 5 0900 yladl ogaoms ploxa wgazes Jolas oy, wiile (Slowlors
Sololime p T 15b 5 soae o tg, slacs Kl sole s 4 (Bear and Cheng, 2010) g oo ooliisl L5 3550
pa 5 (S oo o slalo 53 ablin sgamme oy, ool ,2lS ( Fogll Uil (s5looe 5| Jol> b
opiacw (ANN) cotas cuac slaaSs LB 5l oo 00lo b olow dn> (slo Jow ¢ colids iy (sloois] 3 Coalad
o yel> ((Adaptive Neuro-Fuzzy Inference System (ANFIS) il 56 coac slagiunw 3 (FL) ;56
Mishra et al., 2004; Almasri and Kaluarachichi, 2005; Sahoo et al., 2006; Lin ) wloas goae sla i,

and Chen, 2005; Lin and Chen, 2006; Samani et al., 2007; Lin et al., 2010; Chang et al., 2010;
Banerjee et al., 2011; Rankovic et al., 2012; Shekofteh et al., 2013; Kheradpisheh et al., 2015; Azari

JEsl g O aS g5l o j0 foran (osn slaJow b, anw; ;o (et al., 2015; Azari and Samani, 2018
<S5 5l (Rogers, 1992) 14aY Jlo ,o dos ,0 52, sl oo ploil goamie Slalllas laglgsul jo  Sogll
@ key Jb 5o sooly S (18,5 5a5 50 L aS ol sleiian 1) (o9 ety Y Wiz (oras 4D b S e 0Nl
a oo Lo ,500 Gblio ;o ol (ooleidiy gy hise (20 Woly o rouny VT Clle «509)5 (lyie s baoly JS olaws
V297 Lo ,o s 9 e .(ROgeErS et al., 1993; Rogers and Dowla, 1994; Rogers et al., 1995) ai 00, IS
ailjg, 6,55 polie) (639,5 VF) LBP 0 ,68IL eaian oas 4l Jow 5 eolazul L (Maier and Dandy, 1996)
a5 Widged (St ol 39, VY 0 1) slailsog; )9 (LB slaplej 5 sV ol o Lol 5 o sha

S @lis 2 (oo 68l bjgal Sy g e ASD g5 LSl oS wizd S
5058 ol b, Cundae ( eoian mas aSi Jow L (Sandhu and Finch, 1996) Y235 Jlo ;o zud 5 sauile

olae cdale g (50959 loxe w1, Lo & (5949,8 L ,> LQQT A0ges Cmetd |y gliel Sl (sLdo 510 0 g oo laxo



~ AAEAS QWUYS)&:;MMA‘?‘WW U e g RS

il 45 918 i oy ol 5] ol gl S 0 s (s ol 4y Al Yo les o3l 43 et o il
g aalys sbul 1) Joud LB zuls Lo calises slocnd 10 59 conisia Sl Jow

Sl mlie oluliss cyz 1) guan mac aSi Jowo S5 (Singh and Datta, 2007) Y- -V Jlo o bls 5 S
Al Cews Jod BB ol 4y g wis S 2l slodalin clale slaosls 1 eslaiwl b aSliil sy ol

g (Sgman omac 4D Jow ;| (Asghari Moghaddam et al., 2007) Y« V- Jlo o o,Ken g pade (5 a0l
D8l Cews (Jod BBzl 4 g wioges coliiwl oS Le adlaie j5 0y 556l k_gll./.»9.ﬂ chale g s

i 063 55 Je g (Eoian s 4SS Joe g0 5l oolitul L (Asadi et al., 2013) Y-\ Y Jlo s o Ko o (ol
b s 59 ol 3l ol @l 5 wivged (st 1) TIOZ (o ablol a5 L3 arlss Jilog SLLI lsa 50 NOX
il o dxie 5 cowlie sl 1o oo VT o i slp Lo, 99,2 aS ol lis s 68,5 duslie oo b

0¥l mlie yund Gl |y (Soian omac aSls Jaw o (FOddis et al., 2015) Y410 Jlo 0 o) Kee g old
Kheradpisheh etal., ) Y- 10 Jlo ;o o),5e 5 aigs 5 0l cows Jgd b bt @ g divges >l,b olgsel
SLlgs Calis 13 (gian sras aSD by, 5l oslitul b1y &l s g Slalgw IS Lals 0T S sl el b e (2015
9> 4 Nl oo Shgy cpl aS sl Hlis amls Ws )8 anglis oud (6T ejlasl xBly polie LTy bl 5 wisls sleriey o5
35 )18 ool 3 90 (alerdigyaes slo el cnl Cale i 5 eSS S

S bl suitn ar sias i sladae el e by 5 bedll gy, cldlas
3o 095 Slie I oytan gn slaiis) 31 S 5 el ok 55505 a5 SloT (Sogll 5 ploanty i
Ll &5 oo e 9550 3 9 WS o0 Joo (658 Sl bl Slisd annloe jo 636 Bl oo Jle (e 4
Lly, soras wac 4l Jao (Bardossy and Disse, 1993) uiS o obnl |, 53 mls aitus Couxlkd puc
S8 6blse 656 95 Jow o (Palani et al., 2008) oS o gjlwancds Jow slaools ol 1) loyiie o s 8
bl g b ol slilo lagts) cnl 5 plaS o 098 o0 Joli |) (egran (cras a0t 5 556 Bl (A 99 o oud
sshate 4 Glply s e g Lalae o0 g5 p Lo 51 plaS s g widlge (patuin aie) Ko )3 (Slewlne
Egman Gigp Joe Sy Gl e ¢ Sl (e S8 ialidl g Jae G 0 e b laJas (nl (geles sbile 51 (50 0 e
St ey i g 9o Slatete 55hos 4 5 WEL 4515 olyam 4 o b 1, Lo Juto goles sblie 45 3505 (b 5 5o
(Lim, 2005; Kadkhodaie-llkhchi et al., 2009; Labani et al., 2010; Tabari et al., 2021)

0598500 gy 5l eolaiwl b aS” wols slpsian |y o5 e opiile Jow (Labanietal., 2010) Y-V + Jlo yo 0,500 ¢ SULS
O3 gz ool (6725 (Sl 4 S (39 (605 5 Silon g 45 Bl 0 5 00ged a1y Joe (59 (GA) S
oeile Jow Ky >,k L (Nadiri etal,, 2013) Y-\ Y Jlo ;o oLSKen 5 5 S oo sbwsl | (5 550 gl b el b
x5Sl (5, 5 655 @ slr a gl wsged (i 1) o5l ot o wilpgl Clle esian i S e

2ols olpidn S e Jae (pl 50 039 (et Sz |y (Boan (omas AL By S 9 ool



e s sl b ey s T IS clle o i NN

O3S g |y oads S egian Gigr S e fuile Jow SG (Tayfuretal., 2014) Y- F Lo jo o) )8 5 5505
32 OLen 5 (6205 05500 e 1) lgzel sla el Vbl B0 L a5 wils sloidey plgsul (Sdgy0e colun
CB L) ey ol mhaw Sllug (556 Ehie Aoz sl Joe 5l eslansl L (Nadiri et al., 2019) Y-14 Lo
3905 (e (2YL
o3 Cg (CMAD eoian (o9 S o crile Jow o (Tabari et al., 2021) Y- YV Jlo jo o5 4 50k
Slo s o S 5y o sl e (] 45 3l Sloiy |y e s o 55 Syl Sl et sl
S @l 5w o plomil 1) bl (ot Jos dogl @ bgye (55 5 05000 (egias Sise glaae I ol
s Jus 4 Zows (SAICM) ool &)l eoian (igd S po uile Jow 3l ooliiwl CoblB § oI, (Gudos ol jo
s opl Glggel 058 e jlE (pyp y5e syl sy WIS clile oy cuz aAllax estas Ghee
2 ) oo 18058 o 1B Lo 550 Tl o e T kS oS 258 0 pgmma ol sl sl
g ol Bb 4l j5b Of pome 4 yd 5 (65,9laS Blas cux gl ol 5l e ) ol ag, (o cublop o
Sl 4y gyl S ol plgsel (e ol Sk (65,5liS Glages) )0 alerd 955 5 e Vb a0 5
anlllae ol 5o sl (55500 ailate (nl o OF glie canlin o poe jslate 4 (s lxial ol g Syo el il alS
S 5 (LFL) (¥ (5306 3haso «(MFL) o (5386 3late (SFL) 553 538 Blate o sogimo s Joo oz
Joe slaxs 12 3ilgs o SAICM (> 0l b 54 0 48,5 IS 4 SAICM g, Lialejl sl «ANN) cgiae oac
Gk 5l Slgioe ol D) egran (B9n S e eile Slagtsy et ol Jelod g i sl |y (estan iee
b 6538 mls ool a3 )5 )5 4 (egiae Jhgo Slagby, 5l plaS o 5l Jol> slagzg > (b <S5 5 (2 )9
5> S oo o3l ANN (s 8 g, 5l esegian Ghso sladae s oS5 sl @ adllas cnl S o

zlnl waz Glo o i 5 S oo il e (60959 Gl |y Ao Jae » sl o i ANN SAICM
S Jos e oz SOl pars (alord s S )0 Wlgse Gy ol (el b S e

g, g olge
axllao 0 590 adlain Sluoguas

Slaw b as abb oo oyl Gldllas oje> 51 V0T oS L 6=, Sllllas oogaoms 51 cion axlllac o )50 ddlais
Sl 2,0 a8 B0 AF 5 a0 ¥F L agBo AY 54> 0 Y0 5 3,0 Job adBo YV 5 a> 0 OF U ax 0 OF L8l
coz 5o by 4 Jled jladhais pl il co moype gl S PO sgun axlllas 5,50 ddlaie Coluce . Cowl ool 28lg
Sgiee 5 i sty (Slllae oogaze 4y 558 5l 5 Jlagr 0iell Sldllae edgae 4 )8 51l 0gS w4
5 ol o 3yl 5l Slelds | 5l aS abl oo 95,15 5 (25 sleailBog) wosgase (nl (aw Gl e 99,5
557 Sy Jolsw addllas 9590 o500 gl Blas ddign oo )35 by 4 Coles 3 g aBls by Sty Jsb 5

O 0595 s bl oo Cadd 43 yho g Slelas )] jo e Fr dga ] lawgie gl g e VO glas,] iSTas g e -YY



YrY VEY Ol ¥ 6 slad caatin o owbige bl a4 220

035050 . Jbl o e Ao ,d B/ B ) o Al g, cud 5 Gl 0o )0 YV sg0 )] Lagie 45 00 20,0 00 B Y
aS Al oo Culd Sy (bl )0 dalllas 0,90 dilaie AS 0l 0SS 5 085 yiSu g0 Juld -5 )l Slllas
Slagusy (2l 457005 0 0aalicn ] ;0 (5,3 5155 Auognls (28T Sligesy s 5 9,000 3529 1 50 wlidiren isls on
Joo J8 (595 5 lly; (ol b Gyzeen Shelge oSl o oS it calibinn) sladijle 55 5 4525 ol
Ayl 3529 axlllas 550 0dgaste ;o aS glatwgul Dlgw, (V) IS5 wloads aildS sl p ool bl jo g oo
<y Flg o) Gl Lo Slgwy 5 SBsd 655155 4 Lo (LeSsS s anle) (b Sligu 5wl le
aslllae o> (Sari Regional Water Company, 2022) Sl (5,5 ,515S 45 bgs yo (g co dilo s, b )d Coams 4y a5
oolatul (VFe eV YA alo Yo (glel 0,90 o o (g o oK) (o, sloools 51 anlllas o,90 adlaie Sai)b l5me
o0 5] 5 yia e VIVIA Sgam olSG = (g Lo cetis AVl S35l ufilin 00l ploxil (b oms 2 ool 1 ol 00335
Col 4285 Sygo VEOY Lo o ohaijle slailane T solps <8 18 Lot a8 6,00,b] Ciosas elul e
30 6,100 50 ol ddl> YYAY g jlegi adl> Vais 4o V- slaws (Sari Regional Water Company,2022)
Sy90 03905t ;O 39250 (Slrol> Ailid Fos oS § Baes Ao £95 3 Lol pl ST AT o ls 595 dxlllas 090 00g0s
shol Grailog, )5 5 (25 ailsg, S o0 518 0olial 9)50 (555 Sl 5 Cxto w0y (55,5l S anlllas
O 8yl s ol3T lgsel Jasl coll  3lasST sleel> jloy o ialej] zuls olul 5 oiius axlllas 350 03ga5e
Sari Regional Water ) ol ce 0oy V8 5O (pm oy 2] line g 595 50 gope s 00 5l S B0+ 2Slos
Ol puad 2015 039, 45 S8l 10 g5 o o5l Cd 10 09390 (5B yiag s Ol Ges slesls ulul ,» (Company,2022
Slelis )| (GBlg> 5o cbs g slaciend ;0 Ol 40,55 5 Bas (nyiie 5 Wil GBS s b Salen Ol Gas
37y ol 4y 0,55 1 Bae ke 1 %eS s Jlod 5 Sl slacend jo a5 Jb 50 (e 03558 b 0o )lgz) sl

(o 4w B S0) 0)l0



e s el U ey ol WIS e o by Yyy

680000 700000 720000 740000
:
=3
=3
= @ L
=3
=
-
/ Behshahr-BandarGaz
=3
=3
=3
=
O
=1
s
§ Case Study
84
=T
=3
<
=3
=3
=3
=g
Lx
=
<
S | Ghaemshahr. Joybar
S- Plain
=4
<
[ | BeachSand
[ rtoes
(=3
3 10
S 1 F——Kilometers
D
2 :

addlas Sjy90 oéjm @»wa.n) A \Jiu
Fig. 1. The geology map in the case study

o sigh B Joe
(S G0 (s Al

sl b el he LUl olol 5 VUFY L 1o a5 lS o Laogd b cyell cegican sme (slaaSios
et S 090 (B Sudlad @b g (bl sl sy eend (g oSl G LLS )T B )b 5l (segran (ovas slaass
WY (Y JS5) sl osd S5 gyt Y 5y 5 (aitn) olae Y 4z b o5y cg0gy5 Y S | cogian mac
Ol ) Joe (7955 5 ad abowgy 00l (i polie (295 Y Bbioe (53959 sloosls lp 4Y S w5399

s sy slaws aib oo Ro5le 5 slacyg,es Jold g all oo Wosls (i5ls  Joee 85w b Sl oY a2

D9 oo (yend Uas g (903 gy aliwg Y 12 10 layg e slaad



Yye VEY Ol ¥ 6 slad caatin o owbige bl a4 220

ogs ey ok a4V (s Y

OY 4w MLP cac ol G5l Solads slad Y S
Fig. 2. Schematic view of a three-layer MLP

e 0% Dy Ghisel anlE (el wBan o 4 (estas e aS (2gy5 ke (950l e sk o
ol G Gia Sl Glla &b (o5 Jlas 5 Wbl o W) ilidee slaasY (o lagyg 08 o (b)) slagyss
al o (Ll 5l o 3lioe s0e lade 13 Gsel 8wl ad (peas 4SS 55 (el Al e 5T e (2550]
WS adei salate g 380 bl (69959 am sleosls (sl Canl OB peac Al Al g0 AeS g Sogel
adlas Cga a5 04 oo plol Soigel dd> ey bos &l e (e sy olass Y o 10 g8 Ay s
& e yan ooa SBASLL )3 (i Como 5 el Alo e 53 Jolo gl 0 aygg g (obigel sladiges slass ,5b
45 5)l5 92 omae sloaSil higal (gly iz Lol slapm Sl ogh daxlie (VoVA) Glle 5 (5,31 Guioes

sl o 00lial by, ool 3l o 5ot Cpal yo 45wl s TS lem S g LA e wi s T oy gl

36 Joe

Oeme 9 3253 jpe LI (531 (sladcgerms arll oo g 0 dogerme Sy I lbdsgerne s SN 5 (551 (sladcgezs
(20) S ol b g (SQ) Sy 035 G Ojg0 4 dsgemme 4 (ledl S Cugac acgoms (pl jo /lly,s abl g0l
oot 5o yl35 5 Sy ey sl 3T soled Wl oo (63 slaasgazme 5 lall Sy I el Wil Ky &y 4y 4Ly G
Jol> (hais sl Sloe 5 Cogae @ly oS 5 5l 45 wblge Gilsh (558 Joo o (Lol Gisw aiS LBl So g yhe
Sbsy )18 (S (531 Joo 58 4 (ilsh (nl 58 o5 990 sn iy pa3 oSSl 5T 0155 5 ool b (uilgB (l 05 o0
(Takagi and Sugeno, 1985; Sugeno, 1985; 555w 5 Jlowe 35l bs, sdb o Jol g5 50 lyls 55
59y S o 3 oolial 550 wiigs Slilllas ;5 asws ysb 4 Wb, ol 5l plaS e 45 Mamdani, 1977)
Shoe S5y b ool caled O )5 jlo 5 9,8hos a5 315 3525 00 ()Y (558 S pliy (53 late S 5l (5,500
5 FoellS 58 5m gy a8 Jl o adlige (GYsb ol Slaslre ploj 5 310 5l g ey Al 4y Jlaes (29 3,10
Pt g psle 50 9y cnl Jedd e Bl ool (T LIS 5 0yl 5l Slslre cazr g8 ol &
a5l g oo 536 D ope a o7s S e s, )0 Swlagl (2g 5 50w b Ui, 50 cul el sl ol 58
T 4S9 bawgte (g b oS Cenl Sull polie b (S Dy a4 95 9w (g )0 (29> Ll 30 (05 (556 2

Beden b 2l



e s sl b ey s T IS clle o i Yyo

Gt b @l ol (oe 5285 15 4 Caz cesl 51 &j50 4 5 Glate Glagts; s a5 bl
gl b ol gl 0bl oad eslii] st b S 5l e 3l @l e 0 & Sypo 40 igd
Sy e 350 Ghs) Sile S et slaibsy §l e b mem 953 Jole IS a5 (Aggregation)
3 el 5o o S & (e A (Gl 23555 35 00 95 9 peniSLe wleos 29 ¢339 el
39 S35 eSlee (g 3 el oulh o3liinl mha 55 5 5 (559 625 eSSl S5l (531 e Jglie ) 9
1S oo oolitul 5 alail, 5l 59 o ooliial 935 g g, 55 Yons a5
_ LiWii

?,_ Xiwi @)
Yyars a5 gl 3550 3l (558 f (g, ol Cugas @l o (79,5 @ bge 059 Wi g (2led a2 Y YL ala o
1S oo oolatl 5 adaily 5l ogy 0 J5 A glaes Jow o

_ Juc)ydy
r= [ uc()dy 2)

(SAICM) suis @yl S o (£ gman Sogd Joo
S5 s Glazs,> oS ssdioe hSiT (foian (her sl 5l (29,5 5l oS e esiae s Joe S
o 51 S 5o 59 Jlasl (oS e Jaw ol 51 Bas aes oo &l o Jow 51 SO o 4y s (65880 ull g 0050
o9y sl ey e d9zs S pe Jaw po ladas SIS o 059 eSSl pamre Ghgy 90 adlise eoliiul o9
S e Joe G 5o 81 s Glgie 4 aes o plais] b Jow 51 S5 o 1) SLaS 59 a5 Conl ool (6.5 5 Sike
gl oo Jol 5 alal) ool (6,5 1 Sile g, 5l oolatwl b oo eolawl ANN, MFL, LFL, SFL Jow 4>
ool (S 8l siile (lwaigy il slapi ol gy a5 Cunl (S5 (65 Sl gy pes g,
9 g0y y25 (10) alasly & j50 4y o9y (ol 50 G231 @b 05 s ool b oo 4 (25 ()39 - 5 S dnelx (55luseige
MSEjcy = Xivq 1/n (Wikq; + waky; + wiks; + waky; — k;)? 4)
039 5 4 W1, Wa, W3, Wa a5 (59 0 camd oo Lt hjgal alopo (mibn slp 1) oS 50 Joe llas &b o]
(Naftaly et al., 1997; Lim, 2005; Chen and Lin, 2006).ae5 o ;Lis |, o590l slassls slaas N g Slasliv
Joe 50 ead ool sloJaw slogyzy et 9 Silwdite Cuz (Fig 5 0ol (655 ke oy, 5l B ol )0
Gbéﬂéomwf;d)l};cgscgmsﬁcai,&&}lsusb‘_;Lmubﬁ)‘_;@9_xi¢)i;oou;»lvfﬁwu
(*) s (Karimpouli et al., 2010; Nadiri et al., 2013) oS o adgi 1) (5,5 3:80 5 o gl a5 20,5 oolau!
(Supervised Intelligence Committee Machine- oo <)l S o eoran Sogo Jow ol 5l (Sileds ol SLo
23 o 4l 1, SICM)
ged Ol y abuly b olgs e 1) Joe cnl (S2L, Sk )

K; = Al;(Inputs) (5)
0; = fi(bj + X W;; K;) (6)



Yya VEY Ol ¥ 6 slad caatin o owbige bl a4 220

Ok = Ksicm = 2 (bK +2; WKJOj) (7)
Gy (Louas omac a0 lp 1 (63555 Hloxe 4 a5 sl cgran isr slaJoe 9,5 Ki 558 SYoles (o

ool Gl Y 50 59,58 [T (255 Of el (2,5 Y 5 giske Y sl iloled @ls s T 5 Trg 05 e
Frae (392 Joe 2l (9> OK w7555 ¥ 5 e a2 (lagubl 5 by D s b Wig Wii o 5 &
slodoe (75,5 SICM Jas ;5 s oo melas 5 aige LM (235901 02,5501 L (oled slosbl 5 Loy adlise o5 5o
0 4h ol 5 logyss 5 95 g0 plonil (ojgel Al o g 4225 ANN-LM oo 5,15 (5355 olsie 4 (e52ae (hga
Doz oo 03,5 o 03lel ialeT al 1o (1 o & )llai S 5o Joke aniis o Wi o ainge LM o ,sS0Nb 00 (o

2 oo HLAS 8,00 oias Her s Jue 5 SO e 4 o |y (6 e gl sal &l

SFL
Input 1
Input 2 MFL
' (o Jeefowe.
' LFL
Input n
ANN

SICM sus & )llss oS jo (e gian g Joo 5l Sileds ¥ JSo
Fig. 3. Schematic of the supervised intelligence committee machine (SICM)

0332 T WIS Ly 90 (SS90 g sl S (512!
aiges 30T g O 5,18 paiges
YO 1 3a) Baos das slrolx I ) ol Aiged VP lowi VYA B VYAD Sl b i 0,90 S 0 Badizd ol 4o
ISO sAPHA 2005) s,lsibisl ¢ 5 aigas slo i, 51 ool b g los s omlos 8151 85T 0y ool s 51 (o YO
(@903 YO) 00ls acgozme (9 55,5 - Cawl 0als sols ylis (F) UKo [0 (5,10 paiges blaS oo .ciS 6)516‘*’.' (1993
9 ..\5|) u] RS )B.E.uo L ] 0392 \vasa JL...) L "094]0 (4.59.0.: YV) oals AL gox0 u_v).n_g.>355 AARYA JLAAJ LY Joja).o
a5 S pslar Somy ooz 5l Slny el iz SISl o T (slatiges s o ptisas s o 4o ol 5l LS
2 (EC) (S sl culon 5 PH jolis oty (651655 655l hon YO T (b ook 5o aigad g0 paigad 51 g
o..).Ai':LgﬁT&o.? Slodiged 0305 (5 S0l (uLoﬂ HACH)HACH yo oo olSws l oolaiwl b (g,lo pdiges alads (o
oBtalojl 4y g b ol il azyo ¥ glos o 5 wiad it Jlpy & G 5 IS & Aoz Sy 0
(Ca?*, Mg?, laaiges Lol slagyg cdale o 6,laqSS 5UT slp ook slaabaie O lojle comdoify aun



e s sl b ey s T IS clle o i vry

5 pade cdale ad es APHA & laslinl by, lol p o&islesT onl o Na*, K*, HCOg, COs%, SO4% , CI)
sy 3 ool b e 5 puedS CdAlE ioran 0l ees (APHA, 2005) e aleds b, 5l ool b pely
el gy b (HCO3) (Il ago 5 aseiin Byms plgie 4y (3 S 09,5051 5 0Ty 0 EDTA L (50l 25
OPy b Ol 5 50 gl he) b LS (Brre (lgie @ Sl Lie 5 SpaulS el Sl ool b pexe
FoS a3 e 5 30,5 arslme lagyg den ¢l Sg Jolas 6,18, - (APHA, 2005) winds (e (6 520558 25!

IRWINUPS SR VSRS

Gl Clid 009030 40 (6,10 pdiges bl Cosdse F S
680000 700000

Caspian Sea P

4080000
\
3¥; E‘
L
Qf \
I\'l
| \
!, \
*%

5 563 o
\\ ® E@/ F(}J_\d i
) I’f / {

I;"{ek'é}-Ro{ld Behshahr
g"J B \5 ® ""R'iver / BandarGaz
h Sl o Plain

4060000
& ‘N/\h S
2
ag
&g

4
A Lk
P B o
‘I‘l,":"‘\\/ G 1‘_1 fj s !
L ( { o
N : § Y
& J\W\ | S
® e M
Sampling Points - ¥
A \

{ WP/,
I

. \ \
T T

Fig. 4. The location of the sampling points in the Sari plain
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Ca, Mg, &5 Jl> s wins oo (Lis ClL T, oYL Sieran Na, K, EC, TDS, SAR (sla el )l oo s (Lt siio
olondig oud sl el )l) (639,9 (slrosls Ll jelaie 4y Gz (pl jo Wyl Cl LT, ool ( Siwsn SO4, HCOs
(Principal Lol slaadlge 50T g, « 5,5 sloosls dcgomma olul Lzals 5 (Il clale oo i cqa el
o bodig youd Slidos |0 ik 5l (6 ks Jawgs by, (! ST .ol 48,5 IS 4 Component Analysis — PCA)
(Vega et al., 1998; Elgettafi et al., 2012; Salifu et al., 2012; Zabala et al., ccol 48,5 1,8 colizwl 5,90
2016)

GHIAFAS L g, cnl el ools LSl s gilwosle sl o e S sla st g S2olS PCA Lol Goa
o O9b o0 E9pb abgiye ohig Sbo)lon g oy polie 8L 5 Su by 5 Se (eSke HRAIS Sl p Lo pite e
) Jsd BB odys e JBlas (PCS) aailge olows (s cgz (VAOA) 508 igd o o boadlse 4 baosls
IBM Statistic a5 5l eolaiwl b 5 Jlae cyon b laadlie gl 5l Guims ol jo a5 (Kaiser, 1958) sls 13 b
g el 059 Hlade YL slls a5 ol adlge (Mahlknecht, 2004) o plosl ladiges slows JS 51, SPSS 26.0
W Sl ) eanS S wnld iiere Yseme wade planl o a4 | bl oot
(Salifu etal., 2012)

S Jote 5 Jole o sl it (s 5 Sl sy oalsly iy J @ sl mSlosy elete i
AL T s Cams a4 e ile (6,151 51 a5 Laailge (nl 6 pe ey dlons b 5T ) (Kaliser, 1958) ws Jlos!
A 5l i olssel opl 4o a5 (PCS) Lol adlge dw @ 1) olascisgSosud el )b VY ol PCA (5dis ol )0 il oo
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Table 1. Pearson correlation matrix of hydrochemical parameters of coastal aquifer of Sari Plain

[ 1 2 3 4 5 6 7 8 9 10 11 12
SO4 —
Cl 0.357 —
HCOs 0.289 0.240 —
NOs -0.055 -0.145 -0.020 —
pH 0.087 0.136 -0.032 -0.245 —

TDS 0.833 0.733 0.511 -0.123 0.087 —
SAR 0.480 0586 0573 -0.272 0.262 0.701 —
EC 0.835 0.735 0507 -0.125 0.084 0.999 0.699

K 0.499 0.648 0517 -0.033 0.058 0.691 0.529 0.695 —

Na 0.673 0.756 0.546 -0.248 0.211 0.900 0.921 0.899 0.645 —

Mg 0.205 0377 0345 0.091 -0.067 0.352 -0.040 0.350 0358 0.139 —

Ca 0.705 0.172 0.038 0.129 -0.145 0.573 0.006 0.577 0.258 0.274 0.018 —

il Olsml pleordsSnd sl el Lol glaadlse (Sl ly ol )b Y Jsoer
Table 2. Variomax load of principal components of physicochemical parameters of Sari

aquifer
bl PC1 PC2 PC3
SOx 0.825
cl 0.766
SAR 0.958
DS 0.744
EC 0.742
K 0.657
Na 0.943
Mg 0.955
ca 0.963
o3g slade 4123 2.478 1.461
olyls oo 45811 27.534 16.236

o5 i)l oy 45811 73.345 89.581
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SAICM g (cgiuan (iga oo 3l oolistwl b sl S Lo sl
3B Gl slaJaw

oob el ad 8 L s IS el e g (MFL, SFL, LFL) Glises 658 shaie Joe ans casdllae ) 4o
<z (Fuzzy C-Means — FCM) i, .ol oo &1l () US40 o0l (b (556 shie sl Jow 5l Soles
36 olgd ans g (subtractive clustring) i &5 somaiss g LFL s MFL sla Jow g5l (ilgs s
eex5 RMSE il J8las 4 i,k 5l (sonadigs eless SFL Juw 4o (Li et al., 2000) ys,5 solicsl SFL Jous
oy S o ol ¥ Jolae RMSE Jolao 5+ /7 ganaigs glads cond plosil Sl Gaiows (bl cotS
Ao 1) (osS Cogde i il 4z 5 0l e ol 1) (516 olSST- ST i ik samades glad onl bl
o5 RMSE (ailes; JBlas 4 305l 51 (9,5 Cogae b 50 M, Ny, Piy G, Ziy Ci sl el b o098l p2 30 .05 o
2SS el ¥ gAY L5 (hyeel dl> e .0 RMSE 4 (R?) (ot oy 45 amo oo (5l ol . digs o
JSi 0 et i 5 id o Wlg (ST e /e o F0 g /A GiulejT al> e 0 RMSE 3 R? ol s a0 )
A3 oo Las 1) U3 jgel sloosls dcgase (sl oo s i clale Blie o Slaalie CI clale 2uST,, Jloges (@F)
Al o s bgyye 2STy Jloged iomed b3 oo lis | oad &) Jow yiie cds FO L 4y beosls (yog 503

el oo o0ls las (PD) S o ialesl
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Fig. 5. Schematic design of the fuzzy models designed to predict the chloride concentration of the Sari plain
aquifer
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Fig. 6. Comparison of measured versus predicted chloride concentration using Sogno fuzzy logic in (a)
training and (b) testing steps.
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Fig. 7. Artificial neural network model designed of MLP type to predict the chloride concentration of Sari

plain aquifer
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Fig. 8. Comparison of measured versus predicted chloride concentration using ANN model in (a) training and
(b) testing steps.
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Table 3. The performance of artificial intelligence models used in chloride concentration
prediction in training and testing stages
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Fig. 9. Schematic of SAICM designed to predict chloride concentration of Sari plain aquifer
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Fig. 10. Comparison of measured versus predicted chloride concentration using the SAICM model designed
in the test phase.
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Abstract

Quialitative assessment of coastal waters affected by seawater salinity can be done using the
parameter of chloride in groundwater. This research proposes a supervised artificial intelligence
committee machine (SAICM) method for accurate prediction of chloride concentration in
groundwater of Sari plain. SAICM predicts chloride concentration as the output of the model by
non-linear combination of artificial intelligence models. In this research, Principal Component
Analysis (PCA) method was used to identify effective hydrochemical parameters related to
chloride concentration as input components to artificial intelligence models. Based on the results
of PCA, parameters (Na, K, EC, TDS, SAR) were selected as input components of artificial
intelligence models. Firstly, four artificial intelligence models, Sogno fuzzy logic, Mamdani
fuzzy logic, Larsen fuzzy logic and artificial neural network were designed to predict chloride
concentration. Based on the modelling results, all the models showed a good fit with the chloride
data in Sari Plain. Then, the combined SAICM model was built, which combines the prediction
results of 4 separate Al models using the nonlinear ANN combiner and determines the chloride
concentration more accurately. The results show that the proposed SAICM can estimate chloride
concentration with much higher accuracy than individual methods.

Keywords: artificial neural network, committee machine, fuzzy logic, ground water quality,
principal component analysis.

Introduction
Determining groundwater quality and controlling pollution is one of the main objectives of coastal
aquifer management. The quality monitoring and assessment of coastal aquifers is based on physical,
chemical and biological parameters. To manage the quality of coastal waters affected by seawater
salinity, the parameter EC or chloride in groundwater can be used. Chloride is an important
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constituent of drinking water. Although a certain amount of chloride is necessary in the daily
consumption of each person, its excess can be harmful to human health. According to the World
Health Organisation (WHO, 2008), the standard permissible concentration of chloride in drinking
water is 0.5 to 0.6 mg/litre. Chloride increases in water sources have two main sources (natural and
human). Natural sources of chloride increase in groundwater include infiltration of saline seawater,
evaporation, dissolution of soluble salts and water-rock exchange, while human sources include
agricultural return flows, salts used on roads for de-icing, industrial and agricultural wastewater, gas
and oil production activities (Fehdi et al., 2009; Rahman et al., 2010; Han et al., 2011; Wang and
Jiao, 2012; Hamed and Dhahri, 2013; Sun et al., 2016). The simulation of pollutant transfer is
considered an important tool in water and environmental studies, and based on this, it is necessary to
develop a powerful model that can predict the time of pollution. To model the concentration of
contaminants in aquifers, computational methods such as finite difference, finite volume, finite
element and boundary element are used to numerically solve the differential equations of the given
problem (Bear and Cheng, 2010). Due to the simplifications of the numerical methods and their
impact on the significance of the results obtained from the fate modelling, the application of these
methods is limited. In recent years, due to the complexity and uncertainty of geological processes,
black-box or data-driven models such as artificial neural networks (ANN), fuzzy systems (FL) and
adaptive neuro-fuzzy inference system (ANFIS) have replaced numerical methods (Mishra et al,
2004; Almasri and Kaluarachichi, 2005; Sahoo et al., 2006; Lin and Chen, 2005; Lin and Chen, 2006;
Samani et al., 2007; Lin et al., 2010; Chang et al., 2010; Banerjee et al., 2011; Rankovic et al., 2012;
Shekofteh et al., 2013; Kheradpisheh et al., 2015; Azari et al., 2015; Azari and Samani, 2018). A
number of studies have been carried out in the field of evaluation of artificial models in water quality
modelling and contaminant transfer in aquifers. Rogers in 1992 using a combination of genetic
algorithm and forward multilayer neural network, proposed that considering the ratio of pumped wells
to the total number of wells as an input will reduce the concentration of pollutants in the wells. Maier
and Dandy in 1996 used an artificial neural network model with 141 inputs (daily salinity values of
water levels and currents at the upstream station and previous times) to calculate river salinity in 14
days and concluded that the structure, type of neural network and speed of training have little effect
on the results. Sandhu and Finch in 1996 used the artificial neural network model to determine the
location of saltwater flow in the porous environment at the edge of the Sacramento Delta. They
considered the inflow to the Delta as the input and the concentration of dissolved solids over a 20-
year period as the output of the model. The results of this method showed that this model gives
acceptable results for predicting salinity in different parts of the Delta. In 2007, Singh and Datta
developed an artificial neural network model to identify unknown sources of groundwater pollution
using observed concentration data and achieved acceptable results.

In 2010, Asghari Moghaddam and et al used the artificial neural network model to predict the
anomalous fluoride concentration in Mako region and achieved acceptable results. Foddis et al, in
2015, developed an artificial neural network model to determine the contaminant sources of the
aquifer and achieved acceptable results. Kheradpisheh et al in 2015 proposed the estimation of water
quality parameters including chlorine, sulphate and nitrate using the artificial neural network method
in Bahabad plain of Yazd and compared the results with the actual measured values. The results
showed that this method can be well used to estimate and predict the concentration of these



Journal of Engineering Geology, Vol. 17, No. 2, Summer 2023 251

hydrochemical parameters. In these studies, the capabilities of each of the artificial intelligence
models are focused on predicting hydrochemical anomalies and groundwater pollution. Each of the
artificial intelligence methods has its own advantages. For example, fuzzy logic models are very
powerful in calculating parameter changes and produce good results for variables with uncertainty
(Bardossy and Disse, 1993). The artificial neural network model simulates non-linear relationships
between variables based on model data (Palani et al., 2008) and the neurofuzzy model incorporates
the aforementioned advantages of both fuzzy logic and artificial neural network methods. Each of
these methods has capabilities and none of them is dominant over the other. Therefore, in order to
combine the advantages of all these models in one model and increase the accuracy of computational
estimation, it is possible to design a committee artificial intelligence model that combines the
advantages of all models and provides optimal performance in forecasting (Lim, 2005; Kadkhodaie-
llkhchi et al., 2009; Labani et al., 2010; Tabari et al., 2021).

Labani et al, 2010 proposed a committee machine model and optimised the weight of the model using
genetic algorithm (GA) method and found that weighted averaging method is better than simple
averaging for parameter estimation. Nadiri et al in 2013 predicted the fluoride concentration in Mako
Plain by designing a committee artificial intelligence machine model. Instead of using the simple and
weighted averaging method, they proposed the artificial neural network method to determine the
weight in this committee model.

Tayfur et al in 2014 proposed a supervised artificial intelligence machine model to estimate the
hydraulic conductivity of the aquifer, which estimates the parameters of the aquifer with high
accuracy. Nadiri et al in 2019 predicted groundwater level fluctuations with high accuracy using
multiple fuzzy logic models.

Tabari et al in 2021 proposed a committee machine artificial intelligence (CMAI) model to estimate
the hydrological parameters of the Katasbes aquifer in the Shiraz plain.

In this research, the effectiveness and usability of the Supervised Artificial Intelligence Committee
Machine (SAICM) model, compared to separate artificial intelligence models, for predicting chloride
concentration in the Sari Plain was investigated. The aquifer of this plain is one of the coastal aquifers
whose groundwater quality is affected by the salt water of the sea. In recent years, due to
indiscriminate extraction of groundwater from this aquifer for agricultural purposes, and as a result
of the influx of saline seawater to the coast, as well as the high consumption of chemical fertilizers in
agricultural lands, the quality of groundwater in the coastal aquifer of the Sari Plain has decreased. In
this study, four artificial intelligence models, Sogno Fuzzy Logic (SFL), Mamdani Fuzzy Logic
(MFL), Larsen Fuzzy Logic (LFL) and Artificial Neural Network (ANN), are used to test the SAICM
method. However, SAICM can incorporate any number of Al models for analysis. The supervised
artificial intelligence committee machine method can produce more accurate results by weighting and
linearly combining the outputs of each of the applied artificial intelligence methods. In this study,
non-linear ANN is used instead of linear combination of artificial intelligence models. In SAICM,
ANN takes the predictions of each individual model as input and derives new predictions. Therefore,
this method can perform better in hydrochemical prediction of complex aquifer system.
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Materials and Methods
Characteristics of the study area
The study area is part of Sari-Neka study area with code 1503 of Mazandaran study area. The area of
the study area is about 635 km2. In this area, there is no geological formation and only discontinuous
quaternary alluvial sediments are observed.

Supervised Artificial Intelligence Committee Machine (SAICM)
A committee machine model consists of a group of artificial intelligence models, which combines the
outputs of the models and provides more accurate results than each of the models. In this research, an
artificial neural network was used as a nonlinear combiner, which produces better and more accurate
results (Karimpouli et al., 2010; Nadiri et al., 2013).

Results and Discussion
Implementation of artificial intelligence models in groundwater chloride prediction

In this study, an artificial neural network of multilayer perceptron (MLP) type with three different
fuzzy logic models (MFL, SFL, LFL) were considered to predict chloride concentration. Based on
the results, the ANN model shows a better performance than the fuzzy logic models. In this research,
in order to achieve optimal performance and combine the advantages of all the developed methods
together, the SAICM was designed to use the advantages of all the developed methods together and
predict the chloride concentration with the highest level of accuracy.

Instead of using simple and weighted averaging methods, the designed SAICM model re-estimates
the chloride concentration determined by SFL, MFL, LFL, ANN methods in the training phase (100
hydrogeochemical data samples) by using the non-linear ANN method. The structure of the ANN
model used in SAICM is of the MLP-LM type. This ANN model has 5 neurons in the input layer,
three neurons in the hidden layer and one neuron in the output layer. The transformation function in
the hidden layer is of Tansig type and in the output layer is of Purelin type. Using the LM algorithm,
the RMSE value of 0.00002 mg/L was obtained after 54 epochs in the training phase. Then, the
designed SAICM model was investigated with 46 test data samples. The RMSE, R2 for the SAICM
model were obtained as 0.00001 mg/L and 0.98, respectively. Comparing the results of this proposed
model with the results of the individual models used, it can be seen that the SAICM model predicts
the chloride concentration with a much lower error value and much more accuracy than other
individual models.

Conclusions
The results of this research show that the developed SAICM model provides more accurate results
than any of the presented artificial intelligence methods. Since most aquifers in nature have a very
complex and heterogeneous system, the SAICM method presented in this research has a high potential
for estimating other hydrogeological and hydrochemical parameters.



