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Extended Abstract

Introduction: Groundwater resources are one of the main natural resources that support socio-economic development of
countries (Siebert et al., 2010). Management and protection of groundwater resources is of great importance in countries such
as Iran, which are located in arid and semi-arid regions without surface water resources. Therefore, resource conservation, in
addition to short-term and long-term planning, is essential to optimizing their productivity (Abu-Khalaf et al., 2013). These
natural resources face a variety of issues that threaten their sustainability, such as the effects of climate change, human activities
and natural processes (Alabjah et al., 2018; Baghvand et al., 2010; Burri et al., 2019; El Asri et al., 2019; Houemenou et al.,
2020; Mountadar et al., 2018). Considering the great importance of recognizing the quality characteristics of groundwater in
desert areas and the need for its proper management, predicting groundwater quality for the management and exploitation of
water resources in the Yazd-Ardakan plain seems urgent. Therefore, the aim of this study was to evaluate and compare the
efficiency of artificial neural network and random forest models in predicting EC, SAR, SO4 and TDS values. In this research,
modeling will be done based on the relationship between environmental (auxiliary) data and groundwater quality parameters.
Materials and Methods: The study area is spread over 482900 ha of land, which in terms of position is 53° 08" 36" and 54°
85" 32" E longitude, is located in the central plateau of Iran and the central part of Yazd province. The maximum height of the
area is 2677 m and the minimum height is 997 m from the sea level. To evaluate the quality of groundwater sample, 201 wells
of the monitoring network of Yazd Regional Water Company in 2016, the measured parameters EC, SAR, SO4™ and TDS were
used. The factors of environmental (auxiliary) data in this research include geological data, land use, vegetation indices, soil
salinity indices, derivation of digital elevation model, distance from mines, distance from road, distance from river, distance
from residential areas, rainfall and population.

After preparing the groundwater quality parameters and environmental data, the values of EC, SAR, SO4 and TDS were
predicted using artificial neural network and random forest models. In order to validate the random forest model, the cross-
validation method (10-fold) was used in R statistical software. In this method, the data is divided into 10 parts. 9 parts of the
data are used for modeling and the remaining part is used to validate the obtained model. MAE, RMSE and R?statistical indices
were used to evaluate the efficiency of artificial neural network and random forest models for groundwater parameters.
Results and Discussion: In this research, in simulating EC, SAR, SO4 and TDS parameters, the best structure obtained from
100 repetitions of artificial neural network learning has 2 hidden layers and 10 hidden neurons in each layer. The results of
random forest sensitivity analysis show the high importance of the parameters extracted from the DEM. The use of satellite
image data to investigate the groundwater quality parameters is also a convenient and cost-effective method. Furthermore,
combining satellite data with DEM to investigate groundwater quality parameters and their zoning makes the results more
efficient and increases its accuracy. A very important point in the analysis of parameters is the important role of parameters
such as distance from the road and distance from the mines. This indicates the direct effect of man-made environmental factors
on the groundwater quality of the study area. The results of modeling the EC, SAR, SO4 and TDS parameters using artificial
neural network and random forest models show the appropriate accuracy of the artificial neural network model in predicting
these parameters. Accordingly, the neural network model has predicted the parameters of EC, SAR, SO4 and TDS of
groundwater with coefficient of determination of 0.82, 0.92, 0.92 and 0.97, respectively, while the model Stochastic forest has
predicted EC, SAR, SO4 and TDS parameters of groundwater with coefficients of determination of 0.37, 0.65, 0.80 and 0.68,
respectively. Based on the obtained results, it can be concluded that the artificial neural network model has a higher accuracy
than the random forest model in predicting groundwater quality parameters. EC, SAR, SO4 and TDS parameters have the
highest values in the north, center and southwest, and the lowest values in the southeast and southwest.

Conclusion: It can be said that the technique is highly efficient for estimating EC, SAR, SO4 and TDS parameters in Yazd-
Ardakan plain as long as a proper and a sufficient number of input elements, a proper and compatible artificial neural network,
and an appropriate calibration are used.
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Figure 1- Location of wells in the study area in Yazd-Ardakan plain
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Figure 2- Map of some of the environmental parameters used



iy 2l S byl st o Bolas Kz 5 esian prac 4SS Gladoe LS o) A

el o Bolad JKx 1) amlp cpl ogd ce
.(Breiman, 2001)

Jes,oTL Polay Ko S colo oy ,6Nl
G900 (pdy piie P g odaline N L ools degasme S
(|

L olad dsed S il gy L -)
B9 so Sl Slaslin 5N g 4 o IS

CA.’S-)Q g_i.: 0 uL‘?r.u‘ LJ)M‘L.J}J A gas Lg‘).’ -y
(-iS3b slasl,al o 631 5l eolal b (gass WS
3ol aigas Ky oll s 5Ll S 1 0 08 e ud,
g oo plnil $Kday yiie Pl QM

s aalol il 283l lajl 3l oy 68Ul Y
2 Slp o) 9> ol (S R 4 ces b
o2 S350 4SSl (g0 vy (e 0,5 S oamline
YW

S b wgde LS5 LT v b Sy Jolye -F
(Breiman, 2001) 545 aslu Bolas K>

Mm 6‘).3 9 \:A}')\} VYeoo T é“).g C"‘) ‘_5L2>A_JL7L~>‘
(Genuer, 2008) axi..a LOg (p) 5/p

) smoin 80 Wlgi oo (Bolad [ o 565!
S0 50 a0 iulisl g0 8 anddb co o 4 o
S Ghipel asserme > Sz i b g0
5O it 8,0 Pl cel a5 Wl e sgga
Sz o )55 (5092 (o295 Lol 05 oo ol diges
) SWe 9 05ise Dlmss b )55l cely Solas
S0 o )l

Py 3l etolal i Joe (Ll jglaten
R &)kl l8le 5 5o (10-fold) flate  zew locl
ol Cromnd Vo s ool g, ol jo 0l oolatul
sdel Cewsdy Jow (mw Liel (gly sailendl Cod
PSS Ghe) el asdi e Vo Gl a0 oo ooli]
a5 45 el 5y am T Bolay K G 09 o

M diojls ol ply wwnl ghlgds s L5 ]

2. Random forest

Silwue
5 iy ol S sl el (gslweskel 1o
Colan polie o phSl (daxe slaosls
ol Slge J5' g Slilg cpain @iz S o S S
5 Somae omac aSid b Jue 3l eolaiul b Jglore

ANN') (& giuan ormas 4Sus Jotn
o el Gl 55, san s 4o
ol eSS b il e sles Slee g5l0 o
090 e St Giledse Cwx )
ailgy 1 SenelS aS(s obdy (8l arwgs slakal,
L 0 a5 og®ll ganaib 5o 1) jie Ul
1y blgy asiles oo Gl pli i S0 b s g ge]
(Pijanowski et al., 2002) oS cvalice ools
cldsls 5l S5 Ll Jlasl ass i ANN
(59310 Galgn b eaen plia a5 ool Slolcs

Sylopards Hlles a5 0 .5 o Ty (gl co 00l
wdbee ormb Pl ln Som —(S9y0 Ly,
ANN a5 o> ;I (Haykin & Network, 1999)
Sldyr 42 05 (o0 )18 olow iz la oo (S )0
Lils) ololid jslateas i (G55 @lys Sl
Ha &) o)lu sils laizg> 5 losogyy o

.(Stenstrom, 2003; Sabahattin et al., 2013

(RFT) Solai oo
5l JSiie glaggame ganaib Sy Solas [
Slp ol o .l peoal C 0 slaonaib
S X a5 el h(X, O1) &0t (39,9 diged o
el K 233 ly el Asgarme 5 (5395 Aiges
e GleSy w8 b Jy Sl s O
03, Sy ) (St oSS0 58 X dged o sl
slawi oy yian b slos ) Coled 10 g 0o o &Sl IX digas
Bl diged 85 (lgieds X (99,9 (59, OLS,0 6T)

1. Artificial Neural Network
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4. Linear sampling

5. Calibration

6. Validation

7. Multilayer perceptron artificial neural network
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1. Variable importance

2. Mean square-error (% Inc MSE) and node purity
(Inc Node Purity)

3. Cross-validation
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Figure 3- Distribution diagram of true and estimated values of EC, SAR, SO4 and TDS parameters using
neural network model
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Figure 4- The tree structure of random forest modeling
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