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Abstract

Background and Aim: One of the obstacles to develop sustainable is the poor quality of water. The
assessment of water quality is usually based on chemical decomposition and measurement of
chemical parameters of water. Measuring these parameters in big area is costly and time-consuming,
as result it required to estimating methods for prediction of those parameters. The purpose of this
study is to model the groundwater quality parameters of Zeydoon plain using ANN+PSO and
geostatistics models.

Methods: For this purpose, the information of 42 observation wells in Zeidoon plain on a monthly

basis for 7 years has been used. Neural network model inputs including qualitative parameters SO4* .
pH .HCOs* . Na* Mg?* .Ca** .TDS SAR and EC were considered.

Findings: The results of simulation of groundwater quality parameters using ANN + PSO model
showed that in SAR simulator model the highest simulation accuracy is related to the model with
sigmoid logarithm function, in EC simulator model the highest accuracy is similar. The construction
is related to the model with the stimulus function of the sigmoid tangent. Also, in the TDS simulator
model, the highest simulation accuracy of the model with the sigmoid tangent stimulus function was
obtained. As RMSE and MAE have the lowest value and R? index has the highest value. The results
of simulation of groundwater quality parameters using the geostatistical model showed that the
highest accuracy of the kriging model in the simulation is related to EC, SAR and TDS parameters,
respectively.

Discussion and Conclusion: Finally, comparing the results of comparing the results of ANN + PSO
model and Kriging model showed that ANN + PSO model is more accurate in simulating groundwater
quality parameters of Zidon plain than Kriging model. Also, the results of this research showed that
the combination of intelligent models with optimization algorithms with correct architecture and
complete model inputs are used as a useful tool for simulating groundwater quality parameters.
Keywords: Groundwater, Quality Parameters, Geostatistics, Simulation, Artificial Neural Networks
model.

1- M.Sc. Student, Department of Civil Engineering, Ahvaz Branch, Islamic Azad University, Ahvaz, Iran.
2- Assistant Professor, Department of Water Engineering and Sciences, Ahvaz Branch, Islamic Azad
University, Ahvaz, Iran.



[ SSen g 00ly oo

VA-PY (o VF- ) o) s a5 dnuogf ocs bl 55 ]

cds Sz S Jae sl ladae gm0 uizes
ool s alols gSas (23055 S A S (g
=55 by 5l eslaiul b (YY) ) Ken 5 (5 yalae ((T)
) s o Cond Jaie (egian gras a5 bl (e
CollB wonel Casay @l aingel 3,90 Wiz m s o
OLS oo iz Sl (e (3 1) sy ol (YL
Iy Soman gmac a0l Jow (V1 F) S5, 5 e (F) ol
el silel xS 2l Gusd Ol e Gl
olis Geass ol sl Jols gl wols axwgs pas Ll)_ij...SJ—l
mojll polie b (o95 Bad (ogian (onas 4SS o ol
G (0) )8 (e 5 Ol (559 il 8590 g 0sd (58
Pl iy 2l Gee SBe Olnis (YV9) ) Ken
5 b lagts, sl ekl b I (o6 Jled (i3
S ols las Ghegh ol @l WS pyn bl (e
B 30 (s o e j0 b 4 Jae slasagg

()
Oeizmen g oad plnl laiagh 4 dxg Lo ggeme )3
Silwdnds o635l g oyl Bl 5l gy culs Cuenl
Sloladl 5 iy politeds (eejny o oS oyl
mdd pol> gl )0 el (65900 Gl Sl Gl (o
ooliisl Ly egygns o (e 2l (S byl g5l
plul egran onae &b Joe g bl o) slaghs,

NOWI PRV S

la g, 9 olge
V0T PR FYT Ll claise jo (d) el ade>
P S dsb YOV L Y0 g Jl oye 04°
SreohS YA+ Loyl alold 5 plente (b ped @2 o9
IAYRESY ol o0l cﬁ‘j uL“‘*’)P UL”“" 0 )‘9’“‘ uL""”)'Q’“
O a4 ayeyeghS VIVA sga> 0 colee b gl
5 ot bl g 0)85 alB0g, 005 oo e 9> 5

Sl s ailsog, aited adg> ol slaailsog, o 5 Lol

doddie

9 5 ) chlizee gla oy ;o Cads 1 09250 O e
s.;l IS 0o 0 VIO ladd o gyl Al ced Call (e YL
oo laide cnl plas (Jg dd o ST 1) (e 0,5 50 S92 g0
i) 2l ol cnl 50 0l ged (mytws 50 ealizul (6l
g g0 LS 1) oyiass )0 e Ol 5l (slodas i3y
) 39,50 oty ol mlie et 51 el e

oalsl ;0 page (R ey ol GBS 5 o Dl
maely 5 Capae gy onl S o Ll dihie Sy goladdl
S mome calid piline (e ol plie clie 632
Om sibie BLI 658 55 ol » Fge Jelse 5 Lyl
seiny 2l @l Hoe Cupae il Jelse opl 51 e
" &S 5 o5 wolie SRS 5 i @UlF ek
St iy 2l S 5 oS syl 05 Jae il
95 S559raed Sldllas ¢ qwaige brojl slml Jlai 51 wilys
b o) sl 4 (obcwss g (65,9liS B )las (L pae
sldoe 4 sbcws aul coeal Gl il coa S
slao| 3ol eolaul 4 wilgy oo (laedsl B 4 330
el ity SaS (o) 05

ShglS g wob, bl Glaghy, 3 sladle o
Slgpee sloyall o551y 5 (iluand jshite 4 (55l
590 soi ) 2 (25 5 (o8 slo sl b izmen 5 sl
g 50 (\WAP) e 5 STye ol 48§ )15 axgs
sl ade sweiny ol mle S siledse @
)LoT ey sl gy sl eolaiul b coliile,S bl olislondus
W o Ko S e S G ol @l Sy
syl Gbigy lp 1) Aol ugSan 200359 s,
(V) a0 las addllas 590 didlate (ieip) ol &S
Sl Goe 3lwand sl (1 Fe o) o) Sen 5 (S b sobo
sy, Sl o)l plebe Sl Cuto 5 ciS (el
e b Jae g alol ugSae ey el s
gy 88 YL s eols las b ass S eslaul segtac

9 (Eoan omac aD Jaw 4 bgye b3 op i3S el



b iy 2l 2 syl s3luoe ]

[ sy
BTy

o oSS Colan Jolds Joo (69559 sl sl by ads
e s ke qpenalS (Dlilgus gl i Ol
sledlo (b pga; s 5l ol S o Jolme slases JS
5 ol & jpoa; cloanlis ol ail> Y 51 ITAY b V¥4
Joe 5l ool b iayo 3 2l s lisjss 5 5 ol plosls
Gilwagy oi)sSl b oodd oS5 egias gmas S
iy 2l S byl Sz S o 5 DS pezs
CBS g 2 (s5eans TDS 3 EC SAR ol
s rSojlail (Bly polie by arslne Joo 90 sla dnin
Spe adhio laoly STy o 35 amlie wad

Sl 00l ool Hlas (V) IS 5o asdlas

b ((Olmain) 0p25 09, b boya; aldsg; b (Wl
2928 93 a5 50 5l g Jled = B pbiogiz Lo i W,
3okt Sllllae oogame 4 Jlods 5l axlllas 5,90 dadlais
5 b ol & gz Sl oblys lallas 0dgame 4 3,5
B35 o dgamme lmain Sllllas odgase 4 e
T gl yo sl ads> cal yo olis)] abis o paily
ol 50 ()l a5 aBboe byo gl 5l (6%
Zo S 50 byo o 5l e O el Ll o

dalllas 0,90 dilata ;o gloanlie glacl> 2aSTy ogoei -V S

Figure 1- The distribution of observation wells in the study area

olml sl g vgd o plxl (slae Dyge 4 aosls h3ls
odezmn soged 4 (29> 9 o9y lacsls (o alal,
—ools yb3le 5 g and )T oSN Ll e 5l aST sl esly SBsle 5

4 45 00y (60L) slews 9 S oS slaoaisle  onge w1 o

S bt Jhe Sy 4 earae (orae glaasid
sl Jls ;o wisls (68g,9 srosls slaz 4 (5 eSS Cowlus

doJoe ol jo il ails giloJowe jo Slglyd 0,8 5l

1- Artificial Neural Network



[ SSen g 00ly oo

VA-PY (o B\ o) aamj Jasoma 5 dasi ocs bl FA ]

ol ol Caje ams o Sl el (slad | adaas S
i oS el cnl o0 ilean sl s,
IS yuly jo (g, Bllasil el woaisS plaojl @l gl 8
03,8 (o0 (e A ey

Silwding m)s8 b (poran gnae ALE Joo S
(ANN+PSO0) el 5 o

5 0y polie el Sk )0 (oeas 40D el et
o Oy 3 g (omas 4SS 50wl 4Lt o lagebl
P kol 4 95 oo ool 4l (ajsel gl s L
Mk 39 Vb g oo e 4 59,095 (2500 O e
skl b g5l a0 il ilaand sl
Sy 390l o sileaingr Gl piie (D3 pez o558
Sod 4 by Glagubl 5 gy Jold ae oSS
g o0

Sz S b

Lol Ol & conl (bioygys wellS g, o T S S
& (N 095 (pl a5 28,5 a3 0 (lsen) 380 8 b 380
@Y sy Slhasl gl (nl S)ls 6 pSojlail sllas Joe
(a5 BT IS a4 ws o |y Gl ul g 0l
bl sladae §I Sz S iy, dled gy p 1) G
51 loyins b 53l s ool 1y el oyl a5 i o ooliciad
jlailied (gt wmobn Jald (oS sleadss
rl 5L Lawgs o9y (nl s iy llasil 005 ol )3 g Jlox>]
ool oals pal8 )5 6 S eeeal g3k Sl 4 o,
o Ll dolas anlp ol baosls WS o (5,8 Sy S
2 Sz S by, S o Jlr @ip Sl sl
(Kot 5 w3l oo RVTY lamb slo it (5,95 (sle
S o gl T 0 1 bl 285 Laosls ey SSe

e e nl )0 45 Wbloo (eSS 09d (28 Sz S
ool 5l ea g (ool (aeine S a5) ol o )ls sla el

- oolul s 59>y Jogore aladi lbl (s AT eglee

2-Kriging
3-Stationary Stochastic process
4- Regionalized variable theory

o ) SR b lse g g mo  SlaSd )50
WS o |y Al SO B oS

4.3}1 u_ia 5°9,9 A.ay Gl 00l JAS.MH ‘5’>5).’> AJY 9 (‘Sw)
Al e Wosls 0,5 aps sly Gladws 5 oaias Jlil
4 00 g polie ol (o253 slaay b Y ()3
99 o0 (Brre |y Joe (295 (nlpln g 2Bboo Joe ala
moad JSas Kalsp slae S5l aS it 5 Sl slaa¥
slass g a5 laay slaws .zl bosls o3ls 5 Jore wall
5 09o5] Gy et Jpome j5b 4 ie Y o 10 o S
(V) Ngh o Laseice s

"0l g (3ludinge w25l

Gilwaige Pl 5l golaws o a5 cuslyls 1) el ol
o).f )‘)3 ool Oy90 (gmdgo

il a0 a5 W5,lo 0939 Slogzge 5l golaxs PSO o ,631 o
wwﬁﬁu‘_gwggw)ojoﬁ@wo)é
e 0,8 o lodd Lidu wewd o 50,5 ange b oS

9 Sl odg L)‘ B du.wdf)o aS le.’?u» R 9 wlc;Lvﬁ
2 S9ge SIS p i 5leyd wix b SO wledbl e
Q‘)S Gdod .;\.:.i;:: ubw‘ ¢;5);> 6‘)-.’ |) S e
&sﬁyﬁ@|}|wswwywlﬁyé|ﬁ&
S5k ez Jo e cnl sy o0 0LL & o0l Sl Al e
o5l &8l 0 by Caws 4y Al 590 lgx> S ol Sed oo

b giloaige S oo gtz 1) 2 S ateS jlade )5
o aule L(A) oylo ol akdl 4 5L 0slPSO
Slizl Ghe) 2 (e ilwante Uhs,y ieder slagy Sl
ol 81 51 Polal Comanr G dbml b sogos Sl (o (2o
osilly sla e, ol Copmaz 55 32 58 5 Sy £y

ez g2 @dly 50 g et il ange jlade b &5 wil o

1-Particle Swarm Optimization



B

b iy 2l 2 syl s3luoe ]

N VW SUrg oY) J:’.QLB“’ YVpredicted pi" ‘d@.‘) L
2 Sl bosls slass N g gloslie polis @ Yopserved
g_iichz ke g« 305 yao 4 MAE g RMSE a>

el e Smoe Jow cds il 3 S0y

Sy g gl
SAR S (sle sl )y (s5lwand jslate 4 Ghoghy cnl 5o
09N S Fuey ol CuiS slacsls 51 TDS 4 EC
slaaz el ot solizl VWAV Y- ol b
ol i S 5 ANNHPSO Jos 50 b gl ot
Sl gs bl i Cdz Cad (S5 Sl Colaa Jals
SlyS (o obre Sl S ke dmades i e el
s Geminy w2l S sl olasie ail

Sl 0als LI (V) Jgaz 50 oyg0u)

2 oS Oyge mess bagl o Wb oS bl asld o8 )3
pobee sloosld 4y S Jopme sloosls 6,05,1,8 5,k (ol
Dyl e oy 25

s )l sloylne

ado) slooll polie 5l laJoe cds Gl s (sly
b slhe Sle (RMSE) s Slu,e nSke

0 oolazwl (Rz) O cu el g (MAE)

RMSE = 1 (v -y ; )2 o)
n observed predicted
1
MAE = 100 * r_lilyobserved _ypredicted| )
R2= 1- Z(Ypredicted‘)’observed) ™)
2 Ypredictedz - yobszrved

0995 S (e o (S sloytal s ()bl lasetie -\ Jga
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Figure 2- Curve fitting between simulated and measured points of SAR quality parameter using
ANN+PSO model
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Figure 3- Curve fitting between simulated and measured points of EC quality parameter using
ANN+PSO model
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Figure 4- Curve fitting between the simulated and measured points of TDS quality parameter
using ANN+PSO model
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Figure 6- Prediction chart and change of EC quality parameter using Kriging model

Predicted 1072
3557

1.2-83 1737 2192 2647 3102 3557
Measured 1073

y-108
2241 5
1681 v :
1.1241 ". Ry ¥ +
...t * a * ".+.
0.56 +

LA I B R} .o..!o a'o.o*o*
0 0602 1203 1805 2406 3008 23609
= Model # Binned < Averaged Distance (Meter), h 104

Sz )5 Joo 3l 00lazl LTDS 4,5 pal )by (slos yunts 9 (b o905 =Y JSCo
Figure 7- Prediction chart and change of TDS quality parameter using Kriging model
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Table 6- The results of simulation of SAR, TDS and EC parameters using kriging model
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Figure 8- SAR qualitative parameter prediction map using kriging model
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