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Fig. 1. The geology map in the case study

Egman Sigd b Jue
SEgan gmac lasl

S5l b o lb el e bl ool 2 VAT L o s 5 ol (e Lasi b cyds) aesime coae (sladSict
aSh S5 09 oo (e Sodlad @l g (LSl slagy g s (g, dagSIl o bLS I 5,k 5l egtan (cras laaSl
WY (Y S el o oS5 g Y 5o g (aihe) oo Y aiz by oSy cs0nys 4Y s 5 oot gmac
Ol |y Jow (9,5 5 aSed dlewg oo dmien polie (29,5 4 adl e (63959 laesls sl Y ST (6399

s sy slaws aib oo N5l 5 slacyg e Jold g all go Wosls (i5ls  Joee 85w b Sl oY a2 o

Sgdon uetd Ua> g ygeil gy alewg 4 Y o )0 lagyg,e8 dlowi g


http://dx.doi.org/10.22034/JEG.2023.17.2.1019141
https://jeg.khu.ac.ir/article-1-3089-fa.html

[ Downloaded from jeg.khu.ac.ir on 2026-06-24 ]

[ DOI: 10.22034/JEG.2023.17.2.1019141 ]

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

ogs ey ok a4V (s Y

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

e 0% Dy Ghisel anld (el wBan o 4 (pota e aSL (2gy5 e (950l e sk o
ol et i Sl Glla &b (o5 Jlas 5 Wbl o W) ilidee slaasY (o lagyg e o (b)) slagyss
al o (Ll 51 o 3lioe s0e ladie 13 Gsel S a1 ad (peas 4SS 50 (el Al pe s e (250!
WS adei salate g 380 bl (69959 i slaosls (sl canl OB oeac Al Al g0 AeS g Sogel
adlas Cga 4 04 oo plol Soigel dd> ey bos &l e (5 sy slass Y o 10 g8 gy s
& e yan opa SBASLL )3 (i Como 5 el Al e 53 Jeolo gl 0 aygs g (obigel sladiges slass ;5b
45 0)l0 92 omae slaaSil higal (glp iz ool lapi Sl ogh daxlie (VoVA) Glle 5 (5,31 e

sl o 08lil by, ool 3l o 5ot Cpal yo 45wl s TS lem S pmind LA s wi s o] oy gl

36 Joe

Oeme 9 3233 jpe LI (531 (sladcgerms arll oo g 0 dogerme Sy I lbdegere s SN 5 (551 (sladcges
(20) S ol b g (SQ) Sy 035 G Ojg0 4 dsgemme 4 (ledl S Cugac acgoms (pl ;o &lly,s (abl g0l
oot 5o yl35 5 Sy ey sl 3T soled Wl oo (65 slaasgazmae o lall Sy I el Wil Ky &y 4y 4Ly G
Jol> (haie sl Sloe 5 Cogae @ly oS 5 5l 45 wblge Gilsh (558 Joo o (Lol Gise aiS LBl So g yhe
Sy s (S (536 U g5 4 0lsE 0l £95 45 958 g0y pai oS ST o 55 Sl enlial L (ilsd nl 05 o0
(Takagi and Sugeno, 1985; Sugeno, 1985; 555w 5 Jlowe 5l bs, sbb oo Jol g5 50 lylo 55
o9y DS oo 58 oolatul 050 cwdige Slalllas 1o rews job 4 o bg, ol 5l plaST e a5 .Mamdani, 1977)
Shoe S5y b ool caled (T )5 jlo 5 9,8kos a5 315 3525 o0 ()Y (558 S pliy (53 late S 5l (5,500
5 FoellS 58 5m gy a8 Jl o adlige (GYsb ol Slaslre loj 5 310 5l (g ey abidl 4 Jlaes (39 3,10
Pt st psle 50 9y (nl Jodd e Bl ool (T LIS 5 0yl 5l Slslre Cazr S ol &
a5l g oo 536 D ope a (o7s S e s, )0 Slagl (2g 5 50w b s, 50 Cul el sl ol 58
T 4S9 bawgte (hg) b oS Cenl Sull polie b (S Sy a4 959w By )3 (295 Ll 30 (05 (556 2

Beden hos 2l


http://dx.doi.org/10.22034/JEG.2023.17.2.1019141
https://jeg.khu.ac.ir/article-1-3089-fa.html

[ Downloaded from jeg.khu.ac.ir on 2026-06-24 ]

[ DOI: 10.22034/JEG.2023.17.2.1019141 ]

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

Gt wb @l ol (oe 28,5 15 4 gz cnl 51 &j50 4 5 late Glagds; s a5 bl
gl b ol gl 0bl oad eslii] Cypie b S 5l he 3l @l e 0 & Sypo ,0 igd
Sy e 350 Ghs) Sile S et slaibsy §l e b mem 953 Jole IS s (Aggregation)
3Bl 5o il Cewd & e A (gl 23555 35 00 395 9 enSTle wiles 29 ¢339 el
39 S35 eSlee (g 3 el oah osliinl mha 55 56 5 (559 625 eSSl 3l (538 e Jglaie (b 9
1S oo oolitul 5 alail, 51 59 e 0oliia] 935 g g, 55 Yens a5
_ ZiWii

?,_ Xiwi @)
Ygars a5 gl 3550 3l (558 b g, ol Cugas @l o (7955 @ bge 059 Wi g (2l 4z Y YL ala 5o
1S oo oolatl 5 adaily 5l ogy o0 JI5 A gloes Jow o

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

(SAICM) suis @yl S o (£ g9man Sogd Joo
S5 L s slagzs, oS ssdioe hSiT (foian (her o 5l (29,5 5l oS e esiae s Joe S
o 51 SS9 Jlasl (oS e Jaw ol 51 Bas aes oo &l o Jow 51 SO o 4y s (658280 ulls g 0050
o9y Jsl gy e d9zs S pe Jaw po ldas SIS o 05y e Sl pamre Gy 90 adlise eoliiul o9
S e Joe G 5o 81 bk Glgie 4 aes o plais] b Jow 51 S5 o 1) SLaSy 59 a5 Conl ool (6,5 5 Sike
gl g0 Jol 5 alal) ool (6,5 1 Sibe g, 5l oolatwl b g solawl ANN, MFL, LFL, SFL Jow 4>
ool (S 8l siile (luwaigy il slapi ol lawgs a5 Cunl (G596 Sl gy pes g,
09 g0 25 (10) alasly & j50 4y o9y 50 G231 @b 05 g ool o oo 4 (25 ()39 - 5 0 dnelx (55luseige
MSEjcy = Xitq 1/n (Wiky; + woky; + wiks; + waky; — k;)? 4)
039 5 4 W1, W2, W3, Wa a5 (55 0 camd oo lis (hjgal alopo (ot slp 1) oS 50 Joe llas &b o]
(Naftaly et al., 1997; Lim, 2005; Chen and Lin, 2006).ae5 o ;Lis |, oij90l slassls slaas N g Slasliv
Joe ;0 ead ool sloJaw logyzy et 9 Silwdite oz (Fig 5 0ol (655 ke oy, 5l B (pl o
Gbéﬂéomwf;d)l};cgscgmsﬁcai,&&}lsusb‘_;Lmubﬁ)‘_;@9_xi¢)i;oou;»lvfﬁwu
(*) < (Karimpouli et al., 2010; Nadiri et al., 2013) oS o adgi 1) (5,5 3:80 9 o i a5 20,5 ool
(Supervised Intelligence Committee Machine- oo <)l S o eoras Sogn Joo ol 5l (Ssleds ol Lo
23 e &l 1, SICM)
ged Ol n aluly b olgs e 1) Joe cnl (S2L, Sk )

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


http://dx.doi.org/10.22034/JEG.2023.17.2.1019141
https://jeg.khu.ac.ir/article-1-3089-fa.html

[ Downloaded from jeg.khu.ac.ir on 2026-06-24 ]

[ DOI: 10.22034/JEG.2023.17.2.1019141 ]

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

Ok = Ksicm = 2 (bK +2; WKJOj) (7)
Cgmine (Louas omac a0 Glp 1 (63555 Hlore 4 a5 sl coian isr sloJoe 9,5 Ki 558 S¥oles o

ool Gl Y 50 59,8 [T (255 Of el (2,5 Y 5 siske Y sl ilaled @y s T g g 05 e
Frae (392 Joe 2l (9> OK w755 ¥ 5 e 4 (laubl 5 by D s b Wig Wii oo 5 &
slodoe (75,5 SICM Jas ;5 s oo melas 5 ainge LM (35900 02,5501 L (oled slosbl 5 Loy dlise o5 5o
0 4h ol 5 logyse 5 95 g0 plomil (ojgel Al o § 4225 ANN-LM e 5,15 (5355 olsie 4 (e5rae (hgo
Doz oo 03,5 o 03lel ialeT al 1o (1 o & )llai S 5o Joka amiis ) Wi o ainge LM 0,581 b 00 (o

A oo HLAS 8,00 otas e s Jue 5 S e 4 o |y (6 e gl sal &l

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

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

032 T WIS Ly 90 (SS90 g sl S (52!
aiges 30T g O 5,18 paiges
YO 1 3a) Baos das slrolx I ) ol Aiges VP low VYA B VYAD Sl b i 0,90 SO 0 Budizd ol 4o
ISO sAPHA 2005) s,lsibisl ¢ o5 aigas slo i, 51 ool b g los s omlos 81T 85T 0y ool yos 51 (o YO
(@903 YO) 00ls acgozme (9 55,5 Cawl 0als sols yLis (F) UKo [0 (5,10 paiges blaS e oS 6)516‘*’.' (1993
9 ..\5|) u] LA )B.E.uo L ] 0392 \vaa JL...) L "054]0 (4.59.0.: YV) oals AL gor0 u_v).n_g.>355 AARYA JLAAJ LY Joja).o
a5 S pslgar Somy ooz 5l Slony el iz SISl o T (slatiges s o ptisas i o 4o ol 5l LS
2 (EC) (S sl culon 5 PH jolis oty (651055 655l hon YO T (b ook 5o eaigad g0 paigad 51 g
o..).Ai':LgﬁT&o.? Sladiged 0305 (5 S0l (uLoﬂ HACH)HACH Fo oo olSws l oolaiwl b (g,lo pdiges alads (o
oBtalojl 4y g U ol il azyo ¥ glos o 5 wiad it Jlpy & G 5 IS & Aoz Sy 0
(Ca®*, Mg?, laaiges Lol slagyg cdale o 6,laqSS 50UT slp o055k (slaibaie O lojle comdoify aun


http://dx.doi.org/10.22034/JEG.2023.17.2.1019141
https://jeg.khu.ac.ir/article-1-3089-fa.html

[ Downloaded from jeg.khu.ac.ir on 2026-06-24 ]

[ DOI: 10.22034/JEG.2023.17.2.1019141 ]

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

5 pad cdale ad es APHA & lailinl by, wlol p o&islesT onl o Na*, K¥, HCOg, COs%, SO4% , CI)
sy 3 ool b e 5 puedS CdAlE a0l pees (APHA, 2005) o aleds b, 5l ool b pely
el gy b (HCO3) (Il ago 5 (aseiin Byms plgie 4y (5 S 29,5051 5 0Ty 0 EDTA L (50l 25
P9y b Sllgw 5 90 Gaml s Ghe) b Wl i Glaie 4 Bl e 5 Syl sl Sl eolitul b pene
FoS oz e 5 30,5 drslme lagyg den ¢l Gg Jolas 6,18, - (APHA, 2005) winds (s (6 520gi g 25!

IRWINUPS SR VESRAS

Gl Clid 00903 40 (6,10 pdiges blai Cosdse F S
680000 700000

o o~
S e
o g
= - | o rawS e » o -
s @ Caspian Sea g o =
< A b
o '{"1:\ JI'.I L'L I.'} i ‘ ¢
T 1 Y e \® @, 7
— | ! N -, 7"
i 1 L 10 i el
e - 4 D @ o~ |
/ < f @ . ®/e,
f ( \ L - / { “‘q )
| / I, \ Neka-Roud o/ Behshahr
< st i N e @/ 4
) 7 C Yy ® ”Rlver /' BandarGaz
“-.“ / [I : ]l—x,\ @k / &
( Tajen )\ — @. o Plain

4060000

Fig. 4. The location of the sampling points in the Sari plain

o loniog o gosls (g, lol JILT

Jedot g 40525 10 cpaite diz b 98 (o (Saaed oy 2 g (2losig oud slaosls 5l eslaul b wilgs oo s o] (sla s,
ATl (oliorisgyoad (sloosls .0 adly duho 5 S5e Yl (i ol 0yhes 10 (lanidy ot ooz sloany 3
Ston ) ooliul by b oyl slodigas Lol slopys il oy Luly, wlosg Jley gis sl gyl cubo
D yile A a1 S i o oliae ke Glaie 4 /oD 5l zaS PVAlUE e wiad desbre g o yiell
Srad 0.6 g (698  Sioad o0 4Lz 1>0.6 .l ooy a1,1 (V) Jgaz ,0 o (&S slo el )b ales  Snaon

=

ot S5 e S g 05l Cadte  Swaed Cl L plaondig oud slo el b colod oiil oo b piite (o cins


http://dx.doi.org/10.22034/JEG.2023.17.2.1019141
https://jeg.khu.ac.ir/article-1-3089-fa.html

[ Downloaded from jeg.khu.ac.ir on 2026-06-24 ]

[ DOI: 10.22034/JEG.2023.17.2.1019141 ]

YYA VEY Ol ¥ 6 slad caatin o owbign bl a4 220

Ca, Mg, &5 Jb> 55 wias oo (Lis ClL T, oYL (Siean Na, K, EC, TDS, SAR (sla el )l oo s (Lt siio
olondigyoud sl el )l) (639,9 (slrosls Ll jelaie 4y Guims (pl jo Wl Cl LT, ool  Siwsn SO4, HCOs
(Principal Lol slaadlge 50T g, o550 sloosls dcgomma olul Lzals 5 (S clale s i cqa el
o bodig youd Slidod |0 ik 5l (6 ks Jawgs by, (! S .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 colazl 5,90
2016)

GHIAFAS L gy cnl el ools LSl s gilwosle sl o e S sl st g S2olS PCA Lol Goa
o O9b o0 E9pb abgiye oy Sbo)lon g oy polie 8L 9 Su by 5 e (Ske A (Sl Lo pite e
) Jsd BB odys e Jlas (PCS) laailge slows (s cgz (VAOA) ,5l8 igd o o boadlse 4 baools
IBM Statistic a5 5l eolaiwl b 5 Jlae cyon b laadlie gl 5l Guims ol jo a5 (Kaiser, 1958) sls )13 Sk
g ol 059 Hlaie YL slls a5 ol adlge (Mahlknecht, 2004) o plosl ladiges slows JS (5!, SPSS 26.0
wsge Sl ) eanS S anld iiere Yseme wade olanl opr a4 | Gelly oot
(Salifu etal., 2012)

S Jote 5 Jole o sl ke (s 5 Sl sy oalsly iy S @ sl mSlasy eleie i
AL T s Cems & e ile 6,551 51 a5 Laalge (nl 6 pe ey dloes b 5T ) (Kaliser, 1958) ws Jlee!
A 5l i olssel opl 4o a5 (PCS) Lol adlge dw @ 1) olascisgSosud el )b VY ol PCA (5bios ol )0 il oo
St shole b 3BT cpl jo aST Sl ol als aes e (olaisl 0s5 4 1) lasols S acgezme 5l uils)ls 5l auo o
Sinled (Y Jgaz) 5o (ale b jlacie L 51 jlobine (sl el )b Lot sl oo aid 57 515 o jloline ;9251 lgie 4, +0.6
AWl 0 0,90 S5 40 (gl s Gyl 03 ol sladiges g9, p o ploul Jeole Jodos olul el oals ools
255 2l 29,5 il go ol Jole ans iz la s (b ) Glsel (nl Ol (aliand oS 5 5 5 5,55 ol Jolse
Sbolz 51 (615 0,0 a3 5l o 0 ) S K 5l (e 38 ST (Sl g (ol T plgsul @ 35 sl
BT olszl 9 pso ol Slyie a sSre (G535 Vol alp oS lelis Jsl bole plsie @ (65 p5le
2 6295 po Jole plgie 4 poan 9 (65)9laS sladgS (VL po> l eoliinl g (65,9laS” slacdlad ad ools anseas
SIS sy i ol o liline a g b o D oy90 cal (b 43 pss 5 3l )5 (sl jtally calpliy b b S
(GeOgeNic) sl5 ) slo,giS Koo e a4 ariboe o p (owliiionme; laasile ;56 5 (uejn) of (k)
Siotadl LS a5 wibie 6hysliS Loy Sl ool b camms lis pew el el aiies
Dgd o0 wgwe (ANthropogenic)

EC, TDS, sloyiehlb L1, oVl s jlslins cote ole ,b (PCL) Jsl Lol adlse « PCA 5l Jols mls ol 5
(EC, TDS, SAR, Na, K) Js! adlge ;0 Cl & las o o a5 yel)l s opl ol ams oo olis SAR, Na, Cl, K

g s Jue slod (gl igd a8 )T ol o cotac (hen oo 10 (63955 lrosls laie a4 slol a5 ws


http://dx.doi.org/10.22034/JEG.2023.17.2.1019141
https://jeg.khu.ac.ir/article-1-3089-fa.html

[ Downloaded from jeg.khu.ac.ir on 2026-06-24 ]

[ DOI: 10.22034/JEG.2023.17.2.1019141 ]

e s sl b ey s T IS clle o i

yYv4

u*‘"l'“)—‘41’)”6‘)"“’5"”'??5&)9‘14'1?}”&‘]’4‘9“\" da.loyﬁdl.@cd‘és&amu;‘)OOMu;)lSMGCM

Ao b |y Sldllas oogass JS a5 00,5 Gl slaieT @ badigad ol a8 )5 g o

ol 2eds (ol plgml aliasds e sl el (g (Ko G ile ) Jsoz
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 0.573 -0.272 0.262 0.701 —

EC 0.835 0.735 0.507 -0.125 0.084 0.999 0.699 —

K 0.499 0.648 0.517 -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 0.377 0.345 0.091 -0.067 0.352 -0.040 0350 0358 0139 —

Ca 0.705 0.172 0.038 0.129 -0.145 0573 0.006 0577 0258 0.274 0.018 —

b 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
TDS 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
S oelly oy 45.811 73.345 89.581
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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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Table 3. The performance of artificial intelligence models used in chloride concentration
prediction in training and testing stages
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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
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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.
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