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Abstract

One of the most crucial design steps to guarantee the long life and the sustainability of artificial recharge of groundwater
projects is to find the best locations. The present study focuses on identifying potential zones of groundwater artificial
recharge in Shabestar region, northwest of Iran. For this purpose, random forest (RF) model, a learning method based on
ensemble decision trees, was proposed for locating groundwater artificial recharge. Important factors, including slope and
slope aspect, soil texture, erosion, land use, groundwater quality, permeability and geological lithology were integrated in
a geographic information science (GIS). According to RF model, permeability and unsaturated zone thickness were identi-
fied as the most effective parameters for locating groundwater artificial recharge sites. Based on the proposed model, it was
found that 14% of the region is located in suitable site for groundwater artificial recharge projects. The accuracy of the model
was evaluated with receiver-operating characteristic (ROC) curve and the mean squared error (MSE). Low MSE and ROC
curve of the model with the highest area under curve equal to 0.947, indicated high accuracy of random forest in locating

groundwater artificial recharge.
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Introduction

In recent years, excessive use of water resources in Iran,
as an arid and semi-arid region, has led to perilous results.
The annual rainfall in Iran, whose 90% are located in dry
and semi-arid regions, is about 250 mm. While more than
50% of rainfall occurs in winter, only less than 8% occurs in
summer. In other words, the majority of rainfall occurs at the
time with minimum water requirement, while precipitation
decreases in summer with the maximum water demands.
Recent studies on water resources indicate that about 20%
of the total annual precipitation in Iran is lost in the form
of sudden floods, which enters Playa or Seas, and thus, is
out of reach (Zhang et al. 2004). Accordingly, surface water
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conservation methods have been developed for solving this
problem in dry seasons.

Artificial recharge is regarded as a significant approach
for storing surface water. It can be applied as a practical
solution for rehabilitating aquifers and reducing groundwater
drawdown. Indeed, several methods have been introduced
for artificially recharging groundwater. As a case in point,
basin artificial recharge method (Oaksford 1985) is one of
the most effective methods for recharging groundwater. It
has the following advantages over other methods (Balachan-
dar et al. 2010): (1) providing flood control and using water
for other purposes such as agriculture, (2) higher efficiency
in comparison with other artificial recharge methods, (3)
more appropriate and effective in dry and semi-arid regions
for controlling floods, and (4) in case one pool is dry in
multi-basin systems due to dry maintenance, recharging
operations can continue in other pools. Given the above-
mentioned problems in the targeted region (Iran), locating
groundwater sites for artificial recharge is considered as
a critical issue. Several studies have been carried out for
determining regions which are highly suitable for artificial
recharge (Tiwari et al. 2017; Minnig et al. 2015; Zaidi et al.
2015; Mahdavi et al. 2013; Mehrabi et al. 2013; Shankar
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and Mohan 2005; Bouwer 2002). There are several con-
stantly changing parameters that affect groundwater locating
sites. These parameters should be considered and integrated
together. For this purpose, geographic information science
(GIS) is a very useful tool (Dillon 2005; Ghayoumian et al.
2007). In the majority of the previous studies, the selected
weights for locating groundwater artificial recharge sites
have been only based on expert opinions; however, in the
present study, in addition to experts’ hydrogeological opin-
ions, random forest method has also been used for determin-
ing the proper weights. In this way, appropriate weights with
high accuracy and validity can be achieved.

Random forest (RF), developed by Breiman (2001),
works more effectively than other classifiers such as support
vector machines, neural networks and discriminant analy-
sis and overcomes over-fitting problem. RF is an ensemble
method which combines multiple decision tree algorithms.
Decision trees are considered as types of model which are
used for both classification and regression (Duda et al.
2011). Besides high prediction accuracy, RF is efficient,
interpretable and non-parametric for various types of data-
sets. It is increasingly applied for land-cover classification
from remotely sensed data (Pal 2005; Rodriguez-Galiano
et al. 2012b; Sesnie et al. 2008) and other fields related to
the environment and water resources (Hosseini et al. 2016;
Booker and Snelder 2012; Herrera et al. 2010; Huang et al.
2011).

Shabestar region is located within Urmia Lake basin,
which has been recently impacted by a sharp decline in water
levels due to the excessive use of groundwater and the reduc-
tion of rainfall. Artificial recharge projects around Urmia
Lake can prevent reverse groundwater flow towards plains
and it can also do away with salinity intrusion. Identifying
potential groundwater recharge spots is considered as a pre-
requisite for any artificial recharge project. Due to excessive
use of water resources in Shabestar region, artificial recharge
has been recommended which also enriches water resources.
The aim of this study is to use the random forest (RF) algo-
rithm, a learning method based on ensemble decision trees,
for locating groundwater artificial recharge sites. So far, this
method has not been used in this field.

Materials and methods
Study area

Shabestar region is located in East Azerbaijan province
(38°10'49"N, 45°42'10"E), southeast of Urmia Lake, and
in northwestern Iran (Fig. 1). Based on Iran Meteorologi-
cal Organization Data (a 30-year-old interval from 1987
to 2017), the targeted area with a cold and semi-arid cli-
mate has an average annual precipitation of about 236 mm,
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average temperature of about 10 °C and average evaporation
of about 1058 mm. The most important river in Shabestar
plain is Daryan Chay with an average annual yield of about
0.39 m?/s. In recent years, the groundwater level and quality
have been notably affected by significant precipitation reduc-
tion and notable increase in groundwater extraction rate.
According to unit hydrograph of Shabestar plain, ground-
water level has decreased for about 3.06 m since 2001-2002
to 2016-2017. In addition, aquifer storage has decreased
about 12.01 MCM in 2015-2016 (Mousavi 2009).

Shabestar region consists of multiple geological forma-
tions. Lalun formation in the east and Ruteh formation in the
west of the region were reported in the Permian era. While
the east and northeastern part of the targeted region is cov-
ered by Shemshak, Lar formation of the Triassic and Jurassic
era can be seen in the north and northwestern parts of this
region. A large part of the area in the south has an alluvial
deposit of the quaternary. In the west and southeast of the
plain, there are limestone and marl-gypsum deposits which
are related to the cretaceous period. In the north and north-
west of Shabestar region, there is light gray limestone of the
Triassic and Jurassic periods (Fig. 2). The aquifer of Shabe-
star plain is unconfined and is mainly formed by old and
recent alluvial terraces, alluvial fans and fluvial sediments.
As a result of drilling wells, logs and geophysical data, the
western part of the plain is composed of fine-grained materi-
als which are barely permeable. Transmissivity accounts for
the ease of water movement through the entire thickness of
the aquifer which is impacted by salinity development in the
upper part of the aquifer. The average aquifer storage coef-
ficient is approximately 2.5%. In general, absolute hydraulic
gradient in the entries and outputs of the plains are 0.007 and
0.001, respectively (Mousavi 2009).

Important factors in locating suitable sites
for groundwater artificial recharge

To find the suitable areas of the catchment for groundwater
artificial recharge, some attributes, including slope and slope
aspect, soil texture, erosion, land use, groundwater quality
(electrical conductivity), permeability, depth to water or
unsaturated zone thickness and distance from river, were
considered as the effective parameters. These parameters
have been used in several previous studies (Tiwari et al.
2017; Minnig et al. 2015; Zaidi et al. 2015; Mahdavi et al.
2013; Mehrabi et al. 2013; Shankar and Mohan 2005; Bou-
wer 2002).

Slope layer
The slope of the aquifer layers is considered to be one of the

effective factors in locating appropriate places for artificially
recharging groundwater. According to previous findings and
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Fig. 1 Study area (Shabestar region; NW of Iran)

observations, the most appropriate slope for basin artificial
recharge is about 2-8% (Balachandar et al. 2010).

sediments. Consequently, useful life and permeability of the
basin are reduced.

Unsaturated zone thickness Permeability
Permeability controls the amount of water entering the
ground. In fact, it represents the water movement in the
porous media. Higher permeability results in the entrance
of more water in the aquifer. Another impact of permeability
is evident on reducing evapotranspiration. In an aquifer with
lower permeability, water remains inside the porous media
and soil salinity happens after evaporation.

Depth to water table or the unsaturated zone thickness of
aquifers is directly related to the amount of groundwater
storage. That is to say, as unsaturated zone thickness of aqui-
fers increases, the amount of groundwater storage increases
and vice versa. Indeed, due to the small thickness of unsatu-
rated zone in an aquifer, water entering the aquifer will reach
the water table. Hence, the aquifer will be slowly saturated,

reventing further water infiltration.
p & Land use

Given the fact that surface layers are removed in the artificial
recharge design, the locations with notably little use should

Erosion rate

Erosion controls the amount of sediments entrance to
recharge basin. More erosion leads to increased entrance

be considered to prevent significant damage to the environ-
ment. Furthermore, the targeted lands for artificial recharge
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Fig.2 Lithology map of the study area

should be poor in terms of vegetation and should not be
located near agricultural areas.

Water quality

The quality of surface water is an important factor in locat-
ing groundwater artificial recharge sites. That is to say, in
case the region has low quality (high electrical conductivity
or total dissolved solid), artificial recharge projects cannot
be practically carried out.

Distance from river

Since rivers can recharge aquifers in high-water seasons,
they are regarded as one of the significant parameters in
aquifer recharge. During rainfall seasons, high surface run-
off occurs in rivers which can drain some of their water to
the aquifer. Hence, the closeness of the river to aquifer is
regarded as one of the important factors.

Weighted index overlay method
Weighted overlay is a technique for applying a common
measurement scale of values to diverse and dissimilar inputs

to create an integrated analysis. The weighted overlay tool
applies one of the most used approaches for overlay analysis

@ Springer

45°42'0"C 45°54'0"C 46°18'0"C 46°30'0"C

46°6'0"E

to solve multicriteria problems such as site selection and
suitability models. In a weighted overlay analysis, each of
the general overlay analysis steps is followed. Geographic
problems often require the analysis of many different factors.
For instance, choosing the site for a new housing develop-
ment means assessing such things as land cost, proximity
to existing services, slope, and flood frequency. Weighted
overlay only accepts integer rasters as input, such as a raster
of land use or soil types. Continuous (floating point) ras-
ters must be reclassified as integer before they can be used.
Generally, the values of continuous rasters are grouped into
ranges, such as for slope, or Euclidean distance outputs.
Each range must be assigned a single value before it can be
used in the weighted overlay tool. The reclassify tool allows
for such rasters to be reclassified. Either leave the value
assigned to each range (but note the range of values to which
the new value corresponds) and assign weights to the cell
values in the weighted overlay dialog box later, or can assign
weights at the time of reclassifying. With the correct evalu-
ation scale chosen, simply add the raster to the weighted
overlay dialog box. The cells in the raster will already be set
according to suitability or preference, risk, or some simi-
larly unifying scale. The output raster’s can be weighted by
importance and added to produce an output raster.

A weighted overlay method was developed using GIS
techniques for finding appropriate locations for applying
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groundwater recharge. Weighted overlay depends on a
number of thematic layers and the principle of multicriteria
evaluation. Regarding GIS, overlay function is used for com-
bining and integrating the layers. All data were transformed
into raster’s format; then, the overlay function was used for
overlaying raster layers. This function is regarded as a com-
bination of data in mathematical and weighted mode (Riad
et al. 2011). Since each layer had specific weight, weight
overlay index method was used for combining and integrat-
ing the layers. In weighted index overlay method, in addition
to weighing the parameters in each information layer, each
layer in locating groundwater artificial recharge is weighted
by its value. This model has two sub-models:

1. Binary evidence maps: it is the simplest type of over-
lay index model; based on this model, the maps derived
from the Boolean model are weighted according to their
significance in locating groundwater artificial recharge.

2. Multi-class maps: in this model, in addition to weigh-
ing information layers, the units in each information
layer have certain weights based on their potential. In
this study, RF model was used for determining variable
significance in locating groundwater artificial recharge
sites. The weight range in this model depends on
researcher opinion. As mentioned above, RF is regarded
as a simple and convenient method for analyzing com-
bined data which results in a better representation of
geological situation in a given area. It also combines
various layers based on weighing index. In this model,
the value of each pixel in the output map is determined
according to the following equation:

X SV
S=Fr )
Z,‘ Wi
where S denotes the value of each pixel in the final map;
S, refers to the j unit weight of the ith map and W, stands
for the ith map weight.

Random forest

Random forest is an ensemble method which combines mul-
tiple decision tree algorithms to produce repeated predictions
of the same phenomenon. Decision trees can be divided into
classification trees and regression trees. A regression tree
(RT) represents a set of restrictions or conditions which are
hierarchically organized, and which are successively applied
from a root to a terminal node or leaf of the tree (Breiman
1999; Quinlan 1990). To induce the RT, recursive partition-
ing and multiple regressions are carried out from the dataset.
From the root node, the data-splitting process in each internal
node of a rule of the tree is repeated until a stop condition

previously specified is reached. Each of the terminal nodes,
or leaves, has attached to it a simple regression model which
applies in that node only. Once the tree’s induction process
is finished, pruning can be applied with the aim of improving
the tree’s generalization capacity by reducing its structural
complexity. The number of cases in nodes can be taken as
pruning criteria. When the RF makes a tree grow, it uses the
best variable/split point within a subset of variables which
has been selected randomly from the overall set of input vari-
ables. Therefore, this can decrease the strength of every sin-
gle RT, but it reduces the correlation between the trees, which
reduces the generalization error (Breiman 2001). Another
remarkable feature of RF is that it grows its trees without
pruning; in this way, too much training does not impact on
the model accuracy which makes it lighter in terms of com-
puting. Furthermore, those variables or data which are not
selected in tree training are part of the sub-categories which
are called out-of-bag (OOB). Such data in the RF method
can be used for evaluating model performance (Peters et al.
2007). This way RF can compute an unbiased estimation of
the generalization error without using an external text data
subset (Breiman 2001). The generalization error converges
as the number of trees increases; therefore, the RF does not
overfit the data. RF also provides an assessment of the rela-
tive importance of the different variables. This aspect is use-
ful for multisource studies, where data dimensionality is very
high, and it is important to know how each predictive variable
influences the prediction model to be able to select the best
variables (Rodriguez-Galiano et al. 2012a, b). To assess the
importance of each variable, the RF switches one of the input
variables while keeping the rest constant, and it measures
the decrease in accuracy which has taken place by means of
the OOB error estimation (Breiman 2001). In attempting to
reach a decision, a decision-maker can quickly become over-
whelmed by the huge amounts of diverse types of data and
information that are available on resources, conditions, and
pressures within a region. A large number of variables related
to the properties and behavior of the groundwater system and
driving forces can exceed the ability of predictive methods to
deal with it. Feature selection (FS) is an approach for select-
ing a subset of relevant features for building robust learning
models (Guyon and Elisseeff 2003). Groundwater studies use
a high number of variables related to the physical-chemical
properties of the aquifer which can be highly correlated or
redundant. Thus, in assessing the specific vulnerability of
groundwater is important to select from a large number of
possible explanatory variables (features) which are the most
relevant, according to the target pollutant. FS helps increase
the accuracy of predictive models by alleviating the effect of
the curse of dimensionality, enhancing generalization capa-
bility, speeding up the learning process and increasing model
interpretability. Random forest (RF) method is regarded as an
extension of the Bagging method. RF is distinguished from
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bagging method with respect to random feature selection.
Bagging is an algorithm which can change weak learners
into strong learners. Since RF method can handle continuous,
categorical, missing values and binary data, it is appropriate
for modeling high-dimensional data. The bootstrapping and
ensemble make RF strong enough to overcome over-fitting
problems. This model does not need to prune trees. As men-
tioned before, in addition to high prediction accuracy, RF is
efficient, interpretable and non-parametric for various types
of datasets (Breiman 2001). Prediction error is measured
based on out-of-bag samples according to Eq. 2. Further-
more, OOB error, also known as out-of-bag estimate, is a
method for measuring prediction error of random forests,
boosted decision trees and other machine-learning models.
It uses bootstrap aggregating to sub-sample data samples for
training. OOB refers to mean prediction error on each train-
ing sample x; using only those trees which do not have x; in
their bootstrap sample (Gareth et al. 2013).

n

MSE®® = 7! 3" [50c) - ],

i=1

2

where y(x;) denotes average OOB predictions for the ith
observation. In ensemble methods, for reaching a decision
through diverse data types, decision-maker can be quickly
influenced (Rodriguez-Galiano et al. 2012b). A large number
of variables related to system properties and behavior can
exceed the ability of predictive methods for dealing with it.
Although more information might be useful in modeling, the
increasing number of input features may introduce additional
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complexity in terms of computational time and dimension
(Bellman 2003). High dimensionality in the dataset related
to the inclusion of additional features can overwhelm the
expected increase in prediction accuracy. Feature selection
(FS) is an approach for selecting a subset of relevant fea-
tures for building robust learning models (Blum and Lang-
ley 1997; Guyon and Elisseeff 2003; Saeys et al. 2007). FS
enhances the accuracy of prediction models by accelerating
training process, increasing generalizability, decreasing the
impact of dimensions and increasing the capability of inter-
pretation. In this study, RF algorithms, a learning method
based on ensemble of decision trees, was proposed for locat-
ing groundwater artificial recharge based on a hydrogeo-
logical framework. RF technique is assumed as an accurate
prediction modeling which outperforms other methods in
terms of high prediction accuracy, ability to learn nonlinear
relationships, ability to determine important variables in
the prediction and less sensitivity against trapping (Quinlan
2014). The general RF algorithm and the flowchart of RF
application, with respect to locating artificial recharge, are
shown in Fig. 3.

Results and discussion

Thematic layers used in the weighted overlay index
method

All the thematic layers, shown in Fig. 4 were integrated in
ArcGIS 10.1 platform to prepare a map depicting suitable
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areas for artificial groundwater recharge. According to
Fig. 4, the slope of the region decreases toward the South;
it approaches zero and becomes almost flat in the South and
near Urmia Lake. The majority of alluvial deposits in this
region are sandy-loam sediments and clay sediments are
located between alluvium and Urmia Lake. Moreover, the
permeability level becomes low towards the plain output and
is very low in the southern part of the region. The groundwa-
ter quality decreases towards the outputs of the plain due to
high resistance time and high evaporation; also, the electri-
cal conductivity increases.

Locating map of groundwater artificial recharge

The information or maps used in this study, including rela-
tive weight and final weight which were assigned to each
layer, are listed in Table 1. As stated in Table 1, permeabil-
ity of the region and the slope aspect are considered as the
most and least significant factors in groundwater artificial
recharge, respectively. The first step in creating a prediction
model is tuning parameters of the model. To achieve con-
vergence in error values and obtain a reliable estimate, the
model was made up of 1-100 trees. As decision trees exceed
100, error rate is not reduced. Hence, 100 trees are adequate.
The results of the model were evaluated by estimating OOB
error. Moreover, for reducing the dimension and enhanc-
ing the accuracy and interpretability of the model, feature
selection method was used and important variables were
also identified in the prediction. Although more information
might be useful in modeling, the increasing number of input
features may introduce additional complexity in terms of
computational time and dimension (Bellman 2003). For this
reason, the most important and effective parameters were
selected for locating groundwater artificial recharge sites.
In this research study, weighted overlay method was
used. Nevertheless, there are different methods which can
be used to combine the layers. Weighted overlay, having
a high flexibility in data combinations, is considered to be
a simple and appropriate method for combined analysis of
spatial data (Riad et al. 2011). In this method, for deter-
mining the relative significance of each parameter in com-
parison with other parameters, their locating effectiveness
is taken into consideration. After the appropriate weights
were selected based on expert opinions and random forest
model, the weighted index overlay was used for overlay-
ing the layers in GIS. For selecting weights using random
forest, the weights for each parameter were first assumed
based on expert opinion and were introduced into the model.
Then, using Salford Predictive Modeler (SPM), a random
forest model was run based on the presented weights and RF
algorithm. Hence, the effective degree of each parameter in
locating groundwater artificial recharge sites was determined
and optimum weights were selected. The most important

parameter is the largest weight. The weighted index overlay
method uses fewer data and weights are only based on expert
opinion, so this method does not consider correlations and
relationships between different parameters. However, the RF
method can be implemented with a large number of data
along with applying the expert opinion and determine the
relative importance of the variables. In this study, due to
the uncertainty of the data and the number of them, at the
first based on the weighted index overlay method overlaying
map was obtained, and then the output value of this map was
used as the target value in the RF method. In fact, the RF
method was used to weight optimization. In this way, param-
eters including slope, slope aspect, soil texture, erosion, land
use, groundwater quality (electrical conductivity), perme-
ability, depth to water or unsaturated zone thickness and
distance from the river, were used as predictors for this tar-
get value. Then, the relative importance of these parameters
and their weight were calculated based on the RF method.
Finally, the output map was obtained based on overlaying
the parameters with the new weight. Permeability, slope,
depth to water level and erosion were identified as the most
important parameters. Overlaying of layers was done based
on predicted weights by random forest model. Random for-
est model should be used in such studies for achieving the
desired results based on the hydrogeological framework;
otherwise, the model would not be effective. Locating map
of groundwater artificial recharge obtained from the com-
position of the layers is shown in Fig. 5. According to the
proposed model (Fig. 5), 14% of the region was located in
suitable sites for artificially recharging groundwater.

Model error evaluation

It can be argued that the stability of a given model depends
on the accuracy of prediction, the number of necessary
variables, and the data availability accuracy. For evaluating
model error, ROC! curve and mean squared error (MSE)
value should be taken into consideration. ROC curve is plot-
ted by changing the threshold value against the expected
output. Each TPR-FPR result and a series of such pairs
are used for drawing ROC curve. TPR and FPR are known
as sensitivity and specificity, respectively. The area under
the ROC curve is also used as an error estimation method.
According to the results, as AUC? value is closer to one, it
can be argued that the proposed model is more accurate. As
shown in Fig. 6, by increasing decision trees, MSE value of
the model is reduced to the lowest amount; consequently,
the accuracy of the model is enhanced. ROC curve of the
model with the highest AUC equal to 0.947 indicates high

! Receiver-operating characteristic.

2 Area under curve.
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Fig.4 Important thematic layers used in the weighted overlay index method
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Table 1 Assigned weights and
the properties used in layers

Layer

Properties

Relative Variable impor- Final weight

weight

tance using RF

Permeability

Slope

Depth to water or
unsaturated zone
thickness

Erosion

Land use

Water quality

Soil

Distance from river

Slop aspect

I Igneous rocks, diabase, dense basalt
II Metamorphic rocks

IIT Dense sandstones

IV Sandstone and limestone

V 0Old sediments

VI Conglomerate and river sediments
VII Young alluvial terraces

2>

2-7

7-15

15 <

4-20

20-35

35-50

50-70

70-135

Very low

Low

Moderate

High

Areas with poor vegetation

Rangelands have moderate vegetation
and lands within the river

Good vegetation ranges

Forest, agricultural and industrial
areas, urban and lake areas

300-1000
1000-2000
2000-3000
3000 <
Sandy loam
Entisols
Inceptisols
Clay

Rock outcrop
0-500
500-1000
1000-3000
3000 <
Flat

North
South

East

West

—_ = QN O = O N N kW N =

WD 00— W AN O ~— &~ 3 ©

— N

NN W = = = N = DN W ks 0= B 90O

100

82

80

52

46

32

23

12

0.23

0.2

0.18

0.17

0.12

0.1

0.06

0.04

0.01
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Fig.6 Model error evaluation; a ROC curve and b MSE value

accuracy of random forest. In the study area, two ground-
water artificial recharge project have been done and these
regions are located in the suitable site on the locating map
of groundwater artificial recharge (Fig. 5). Therefore, this
can confirm the validity of this research.

Conclusion
Identifying potential groundwater recharge areas is con-

sidered as a pre-requisite for artificial recharge projects.
For implementing artificial recharge projects, besides

@ Springer
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comprehensive geological, hydrological, hydrogeologi-
cal and hydro-chemical studies of a given region, some
basic criteria should be identified for finding suitable
areas in artificial recharge projects. In this research study,
we identified appropriate sites for groundwater artificial
recharge using the parameters of permeability, slope, slop
aspect, erosion, unsaturated zone thickness, land use, soil,
distance from river and water quality layers. Moreover,
weighted index overlay method and combining different
layers in GIS software were applied. Along with this pur-
pose, random forest (RF) algorithm, a learning method
based on ensemble of decision trees, was proposed for
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locating groundwater artificial recharge based on a hydro-
geological framework. The results of this study revealed
that RF can be considered as an accurate prediction model
which outperforms many other methods thanks to its high
prediction accuracy, ability to learn nonlinear relation-
ships, ability to determine significant variables in the pre-
diction and low sensitivity against trapping. ROC curve
and MSE value were used for evaluating model error. It
was found that with increasing decision trees, the MSE
value of the model decreases to its lowest amount. As a
result, the accuracy of the model increases. Moreover,
given the highest AUC equal to 0.947, ROC curve of the
model confirmed high accuracy of random forest.
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