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Introduction

Groundwater is one of the most important water resources on earth, and water salinity studies are
very important for the protection and planning of water resources, especially in arid and semiarid
areas such as Iran. Groundwater currently accounts for more than 90 percent of Iran’s total
drinking water consumption. This water resource is less susceptible to bacterial pollution and
evaporation than surface water, and hence it is more important than surface water.

Materials and Methods

An ANN includes three layers, namely, input layer, hidden layer and output layer. A network
can have more than one hidden layer. In this study, multi-layer perceptron (MLP) was applied to
simulate groundwater salinity. MLP is generated through adding one or more hidden layers to
one-layer perceptron and can solve complex problems. The feed-forward neural network was the
first and simplest type of artificial neural network devised. In a feed-forward network, the
information moves in only one direction, forward, from the input nodes, through the hidden
nodes and to the output nodes. In the first stage of simulation, all data were normalized and
divided into three classes: training data (65% of all data), test data (25% of all data) and cross
validation data (10 % of all data). The different transfer functions such as hyperbolic tangent and
sigmoid transfer functions were evaluated. Based on the results of this study (through trial-and-
error method), the hyperbolic tangent transfer function was the best transfer function. Artificial
neural network (ANN) is an efficient tool in hydrologic studies. In this study, an integration of
ANN and GIS (the geographic information system) was applied to simulate groundwater salinity.
ANN and GIS were, indeed, used for simulation purposes and as a pre-processing and post-
processing system of the applied data, respectively. Thus, GIS was applied as an efficient tool to
provide the base maps and to estimate the model’s quantitative parameters. Different digital/base
maps were provided in GIS environment including DEM, transmissivity of aquifer formations,
water table depth, precipitation values and distance from Caspian Sea and water resources using
topographic maps of the region and EC values using water salinity secondary data. Different
piezometric wells were selected to simulate groundwater salinity (EC). In GIS pre-processing
stage, raster layers of the input factors were provided and combined using overlay analysis with a
pixel size 1x1 km. Therefore, the surface of study plain was separated to more than 10000 geo-
referenced pixels (1x1km). These pixels had values of model inputs or groundwater salinity
factors (transmissivity of aquifer formation, water table depth and the distance from water
resource). We inserted the site coordinate for every pixel automatically in the GIS medium.
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Pixels data (networks inputs and coordinate) were exported from GIS and then imported to
NeuroSolutions software. In ANN medium, groundwater salinity (EC) was simulated using the
validated optimum network for all of the 10000 pixels (the whole study plain).

Results and Discussion

Groundwater salinity was estimated for the studied plain based on the secondary data,
observational wells and a validated MLP network. We estimated significant factors on water
salinity including aquifer formations transmissivity, water table depth, site elevation, and distance
from water resource. A number of the estimated significant factors on water salinity and EC are
presented in Table (1). These data were imported in ANN medium for simulating the
groundwater salinity. In the training stage, the changes in input data pattern and sensitivity
analysis showed that three factors constituted the best inputs for simulating groundwater salinity.
These three factors are transmissivity of aquifer formation, groundwater depth and distance from
water resources (Gholami et al., 2010). Digital maps of these three factors were generated in GIS,
shows the results of ANN simulation in the training stage for ground water salinity simulation,
and as can be seen, Rsqr= 0.78. The results of network evaluation are presented in Tables (2) and
(3) showing error values in the training stage. Accordingly, acceptable results were observed in
the training stage. The optimum network structure in groundwater salinity simulation included an
MLP with three inputs, tangent hyperbolic transfer function, LM (Levenberg- Marquart) training
technique and one neuron. Tangent hyperbolic transfer function and LM training technique are
some of the best selections in modeling hydrologic parameters which were applied in different
studies as a prior selection in the world. Finally, the optimized network was validated in the test
stage (R?=0.78). Moreover, the validated network and GIS were applied to simulate and map the
groundwater salinity on the Caspian southern coasts.

Table 1- factors of groundwater salinity (EC) values and model inputs for a number of wells

- Transmissivity ~ Water table  Elevation Annuall Annuall
Salinity (1 mho/cm) (m2/day) Depth (m) m) evaporation  evaporation

(Mm) (Mm)
6400 175 1.54 7227 1000 630
6200 100 2 3266 1000 650
5400 175 2.25 7159 1000 650
5200 100 3 2463 1000 650
5000 175 0.88 7651 1000 750
4800 175 2.25 9737 1000 650
4400 375 3 1271 1000 700
4200 100 1.73 1894 1000 620
4020 100 0.9 4276 1000 700
2900 175 2.24 6657 1000 700
3750 100 3 9567 1000 650
3600 100 2 1358 1000 670

Table 2-The results of network training for simulating EC

- Training Cross Cross validation
All Tuns T_r aining standard  validation standard
minimum S L L
deviation ~ minimum deviation
(Average of minimum MSEs) 0.02 0.0003 0.02 0.0006
(Average of final MSEs) 0.02 0.003 0.02 0.0006

The square of the mean squared error 0.009 0.009 0.16 0.16
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Table 3- The results of network training and optimum network selection

(Best network) validation Training Test
(Run) 1 2 -
(Epoch) 337 1000 -
(Average of minimum MSEs) 0.025 0.02 0.8
(Average of final MSEs) 0.025 0.02 0.9
The square of the mean squared error 0.16 0.09 0.112
R? - - 0.78

Conclusions

Different model structures were developed to evaluate the probability impacts of
enabling/disabling transmissivity of aquifer formation, water table depth, the distance from water
resources as inputs. Results showed that three factors, namely, transmissivity of aquifer
formation, water table depth, and the distance from water resources are the most important
factors and the best inputs for groundwater salinity modeling (Gholami et al., 2010). Artificial
neural network is an efficient tool in modeling, but it cannot preset its results in the forms of
maps and geo-referenced data. We applied ANN to simulate the groundwater salinity and GIS as
a pre-processing and post-processing tools in monitoring and mapping the results. Further, GIS
resulted in an increasing modeling accuracy and modeling velocity. An MLP network with the
tangent hyperbolic transfer function and LM training technique was the best network structure in
the groundwater salinity simulation. Previous studies reported that an ANN with LM technique
was an efficient structure in the hydrological parameters simulation (Chen and Adams, 2006).
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Fig. 2- The flow chart showing the methodology stages used in this study
axtle RABL oalaiw! 3590 Ql{ﬁ &5} ‘J>')e v‘:.llw —f'dﬁﬁ

V



\AQ

VAV-YAF o AFAA Lo F o )les FY 655

ST (oo phe

s 35900 3 98 B B> prae a5 s ol
359 ol gl b (o cpin (REZIYA) 5yl Linep;
s 3l Gaa (Anctil and Rat, 2005) s)ls Sl ea
Sl g el 18 (clalSe )3 (aojns Sl (sy9 390y pol>
sy jslaie py Cusl pges (sly oalitul JB &5 4 s
Sy oo 03101 L 4 (slacsgyg b o 6y9 Jolos (652
aY dw pl (g 4 GIS be o (gyeskS S
o GIS Lo 3 culed 5 05 5l 00K b (gt
bl datg 4D (639)9 yiell dw ol @2 pe (o) &Y
4 GIS by jl Glaiw olyen 4 Jslo o cleMbl .l
A5 o)ly (NeuroSolutions I3l ¢35) (wee aSd Lo
a9 3l sl 03 ljlitel iy s 4 1 ug
REWA N b5 )LJ 286 gl S 5o o

29l sk 2 (lp 1y o (y5d (a3ls (as oS
Lo 4 0)bgd (X,Y) Glaise b o )5l ol g 03903
GIS lculls | .cuiS d)ls o5l o leicas Arc GIS
0SS ey @Y Ojgody (pas &b @l Gl Gl
o obline (A) IS )3 uls &S Cawl oas oolaiwl o Ko
Wl cusd ) ajps ol ($)9d (sudizg onizpn 05
oanlie SISyl 53 45 b lod casl 005 1)) JS5 ol 5o
O Pl Jolye como g b daxe oL jglateds 93,5 oo
L wY 5y » (EC) ol ()95 08y b Slllls (slnoly by
L Lfélg f=1§)\ duslde Cawl 0l gy Lgb”]ﬁ g';l g did
5 ras Kb @l ) S @pln ol cppd iy
@bl Gl g g (nas 4SS 3 gy LS
ass &S (gysbolen (Gangopadhyay., 1999) sl
Gt )0 odd L)l gy ded e odalis (A) JSi alols
S sl sl Job JB il cul anaily ol
Couo g slbd e 5 Ll Sl wejp;
W by S gy aw ol )98 gnanb
&S 0335y (gladas sl

W

olsly Sl laoly O gy ueipy o 59
oS polie b 3yl dmle YF )0 O slag)by aiges
sy srads 5 ko wluly o 93 3 S Julss
alooly sl ylp lie I aladigei 5 0ad 3yl
69 oS 3y9ly 5l el o &1 (V) Jad o Sllllae
(Sllllas oy ails VEF (gl o 3 Sge Joloe g aojs
A5 ploul was aSus base 1 byl (65,5 5 Waodld 395
Cross b  omwcous g odls sy £0 L aus 5590
YO ol yo 5 Cdpdy pbsl aosly o> Ve L validation
P Bab a5 e el b obylael gl osly wop
J.Jz; 9 (5299 dLbe.)‘J dlbd}ijl ).Mx) L)»)yoi 41>).a
sohb aw oS ob gl 09y sbeodhy 4 S Cawlus
e by alols g ailate o)l lgsol NS sl el
iy o ot NS b ol e b lassgs
g lae 3 Jole dw pl 098y claads Sl e
S (5) b (F) el JSd 5 4 545 4 bl ledlb]
Sl oppd Gilodnd b LS b)) @l cusl oad
sl oas Sl (¥) g (V) ol 53 sl aboyo 5 (ioojs
ojeel dlsye 3 s lie 00iS WSxio &S (V) o (V) Jolis
b s (g 45 Jols a8 iyl ol ol
lpd Giloand Cap 09 i g Ol —Syy
Sl giloand glp LM (x50l gy Miliee (0
WS lpied daxie Oliiod )3 g Mdl oo cunlie Sujglg)n
a0 43 (Samani et al., 2007) wloas edlizwl 5y
b)) @l b plnl alge 4SS 2L b)) b el
)J.)LM 9 o d}bw )J.)GA MLG.A OJ).‘o )l U?‘)T dl>).o

ool ot 1)) (V) US o)) ooBls

SWlae soly 31 G310 &l p S 1652959 9 (EC) (swnd 33 T Srgh polis 3 Sldiges -1 Jauer
Table 1- Factors of groundwater salinity (EC) values and model inputs for a number of wells

Lo . Annual Annual
. Transmissivity ~ Water table  Elevation - -
Salinity (1 mho/cm) (m2/day) Depth (m) m) evaporation  evaporation

(Mm) (Mm)

6400 175 1.54 7227 1000 630
6200 100 2.00 3266 1000 650
5400 175 2.25 7159 1000 650
5200 100 3.00 2463 1000 650
5000 175 0.88 7651 1000 750
4800 175 2.25 9737 1000 650
4400 375 3.00 1271 1000 700
4200 100 1.73 1894 1000 620
4020 100 0.9 4276 1000 700
2900 175 2.24 6657 1000 700
3750 100 3.00 9567 1000 650
3600 100 2.00 1358 1000 670
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Fig. 4-The map of average transmissivity of aquifer formation in the study area (m?/day)
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Fig. 5- Map or raster layer of annual mean precipitation obtained from interpolation of statistics of
meteorological stations in the region
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Table 2-The results of network training for simulating EC

- Training Cross Cross validation
Allruns Training standard  validation standard
minimum S - -
deviation ~ minimum deviation
(Average of minimum MSEs) 0.02 0.0003 0.02 0.0006
(Average of final MSEs) 0.02 0.003 0.02 0.0006
The square of the mean squared error 0.009 0.009 0.16 0.16

gy o 4l DB 9 ne 4 o 590T b T Jou
Table 3- The results of network training and optimum network selection

(Best network) validation Training Test
(Run) 1 2 -
(Epoch) 337 1000 -
(Average of minimum MSEs) 0.025 0.02 0.8
(Average of final MSEs) 0.025 0.02 0.9
The square of the mean squared error 0.16 0.09 0.112
R? - - 0.78
4500
4000 Fe —— Observed EC
3500 —o— Simulated EC
3000
2500
2000

1500
1000
500
0

Sample-Well
1 2 3 4 5 6 7 8 910 11 12 1314 15 16 17 18 19 20 21 22 23 24 256 26 27 28 29 30 31 32 33 34 35 36

Fig. 7- Evaluation of ANN efficiency in groundwater salinity simulation. Comparison between
estimated and actual EC values in the validation or test mumos /cm stage (R?=0.78)
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