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Abstract
The vulnerability of groundwater, as the primary source of water for human survival, should be assessed
for the purpose of pollution management. The Ajabshir plain, one of the major agricultural areas in the
northwest of Iran, is always prone to pollution. Therefore, to prevent the increase in pollution, it is
necessary to determine the polluting factors and areas prone to groundwater pollution. In this study, by
modifying the DRASTIC method using the land-use layer, called DRASTICL, vulnerable areas and pollution
index were mapped. To ensure dealing with the uncertainty of the parameters, the DRASTICL model was
optimized utilizing the Sugeno-type fuzzy inference system. The models were validated based on nitrate
pollution. The correlation of DRASTICL and its optimized model with the nitrate pollution are 0.31 and
0.80, respectively. The results of this study show that integrating the DRASTIC model and fuzzy
knowledge is an instrumental way for assessment of vulnerability potential.

Introduction
Groundwater resources are important and reliable sources for agricultural, industrial and drinking
purposes due to their biological and well- de�ned chemical properties and reservoirs. Furthermore, these
resources are the vital source of water demands for more than half of the world’s
population. Groundwater, especially in agricultural and industrial areas, is more prone to pollution, and its
scarcity is on a local and regional scale. From the early twentieth century, the use of chemical fertilizers in
agricultural activities has been recognized as one of the major causes of groundwater pollution (Ascott et
al., 2017). Physical, chemical, and biological pollutants mainly originate from human activities, and their
abnormal concentration causes a gradual change in natural water quality (Asghari Moghaddam., 2010).
Among the harmful pollutants in the human food chain, the nitrate anion (No3

-) has been considered the
main pollutant globally (Busico et al., 2020). Increased nitrate levels in groundwater can be due to
sewage sludge disposal and agricultural activities. The impacts of groundwater pollution are remarkable
in rural communities of developing countries that rely on untreated groundwater (Tuinhof et al., 2011).
One of the reliable methods to prevent groundwater pollution is to identify its sources and vulnerable
areas by preparing vulnerability maps and adopting appropriate management policies (Babiker et al.,
2005). 

There are several de�nitions of vulnerability, such as de�nition of 1993 U.S. National Committee on
Groundwater Vulnerability to Pollution: the tendency or likelihood of contaminants reaching a speci�c
location in the groundwater system, after their formation in some neighborhoods above the aquifer
(Almasri, 2008). Identifying areas with a high potential for vulnerability will make it possible to control
their contamination by taking the necessary measures (Asghari Moghaddam et al., 2009). Groundwater
vulnerability map is based on the fact that in some areas, the potential for vulnerability to pollution is
higher compared to the other sites (Piscopo, 2001). The concept of vulnerability was �rst introduced in
France in the late 1960s to raise awareness about groundwater pollution (Vrba et al., 1995). The term
vulnerability is conceptually considered in hydrogeology as intrinsic vulnerability and special vulnerability
(Almasri, 2008; Gogu et al., 2000). The intrinsic vulnerability refers to the possibility of contamination in
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an area without considering speci�c pollutants (Almasri, 2008), while special vulnerability considers the
vulnerability of groundwater to either a speci�c or group of pollutants, which depends on the
characteristics of the pollutant and its relationships with various components of inherent vulnerability
(Gogu et al., 2000). The term groundwater pollution potential was �rst used by Margat in 1968
(Bhuvaneswaran et al., 2019). 

To qualitatively protect groundwater resources, investigating the potential of aquifer vulnerability to
contamination can be an appropriate method. Vulnerability assessment methods include statistical,
simulation-based and index-overlap methods (Almasri, 2008). Index-overlap methods include DRASTIC
(Aller et al., 1987), AVI (Stempvoort et al., 1993), GODS (Foster et al., 1987) and SINTACS (Civita, 1994).
The main difference among these methods is in the rating, number and the type of parameters.
Barbulescu (2020) Reviewed DRASTIC and DRASTIC-like methods introduced by different scientists.
These methods include DRASTIC (Aller et al., 1987), DRASTICM (Mendoza et al., 2006), DRIST (Chenini et
al., 2015), DRAV (Zhou et al., 2010), DRAMIC (Wang et al., 2007), DRASTICA (Singh et al., 2015; Amadi et
al., 2014), DRASTIC-LU (Alam et al., 2012), DRASIC-LU (Khan et al., 2010), SI ( Ribeiro,. 2000), DRACH
(Qinghai et al., 2007) and SINTACS (Civita., 1994). The results shows the groundwater vulnerability maps
are important tools for assessing the groundwater vulnerability and planning future land use. The
reliability of the methods depends on the aquifer characteristics, the land use, the data availability, and
the parameters involved in the model, the weightings, and rating assigned to each parameter. The
DRASTIC framework is one of the most important index-overlap methods for determining the potential of
vulnerability and pollution. First proposed in 1987 to assess the vulnerability of U.S. groundwater based
on the concept of hydrogeological status, such framework is an experimental model (Aller et al., 1987).
Several parameters such as land-use layer (Secunda et al., 1998; McLay et al., 2001) and population
(Singh et al., 2015) have been used to modify the DRASTIC framework. However, due to the application of
expert opinions in determining the weight of the parameters to ensure and eliminate uncertainty in the
obtained result, it is necessary to use some weight improvement methods. In this regard, arti�cial neural
networks, catastrophe theory, fuzzy logic and Wilcoxon have been used to optimize the DRASTIC method
(Rezaei et al., 2013; Baghapour et al., 2016; Nadiri et al., 2018; Sadeghfam et al., 2015). 

Many researches have used vulnerability potential identi�cation methods and frameworks, some of
which are reviewed below. Asghari Moghadam et al. (2016) used the DRASTIC and SINTACS methods to
assess the vulnerability of the Bostanabad aquifer. The correlation coe�cient of the results of DRASTIC
and SINTACS with the nitrate layer was 0.75 and 0.58, respectively. Agossou and Yang (2021) used
groundwater vulnerability to contamination methods for the Benin South Coast sedimentary basin.
DRASTIC, the modi�ed DRASTIC with land-use layer (DRASTICL), and AVI frameworks were used in their
study. The results showed that the amount of correlation with nitrate increased by adding the land-use
layer to the normal DRASTIC, i.e., the DRASTICL model. DRASTICL showed the highest correlation among
all the methods used in the study. Jia et al. (2019) optimized the DRASTIC method by replacing the
original parameters of aquifer media, soil media, the impact of the vadose zone, and hydraulic
conductivity with quantitative parameters of aquifer thickness, nitrate attenuation intensity, hydraulic
resistance, and groundwater velocity, as well as adding pollutant input intensity. They presented a new
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method called DRANTHVP, resulting in an increase in the correlation from 0.204 to 0.720. Barzegar et al.
(2014) optimized the DRASTIC model to assess the vulnerability of the Tabriz plain aquifer using Sugeno,
Mamdani, and Larsen fuzzy methods and reported the acceptable performance of the Sugeno-type fuzzy
method. According to their optimized model, the eastern regions of the city of Tabriz have the highest
potential for pollution. Nadiri et al. (2017) used Sugeno, Mamdani, and Larsen fuzzy methods to improve
the vulnerability index obtained from the DRASTIC method in the Ardabil plain. The results showed the
high correlation of the model with the nitrate pollution using fuzzy logic methods. 

In this study, to assess the vulnerability of the Ajabshir plain, the DRASTIC method modi�ed with land-use
layer, called DRASTICL, was used. Afterwards, the resulting vulnerability index was improved using the
Sugeno-type fuzzy logic method.

Materials And Methods
Study area description

The Ajabshir plain basin, as a sub-basin of Urmia Lake, is located in the west of East Azarbaijan province
and the catchment area of the Urmia Lake. The Ajabshir plain area is about 96 Square kilometers located
on the south eastern shore of Urmia Lake. According to the Bonab meteorological station information, the
mean annual temperature in the area is 13.64° C and the long-term mean annual precipitation is 252 mm.
The climate of the area is defined as cold semi-arid. The Qala-e-Chay River is the only surface water
resources of the area which is originated from the Eastern highlands of Sahand Mountains discharging
to the Urmia Lake. The altitude of the highest and lowest points of the region is 3357 and 1273 meters
above msl, respectively. The digital elevation model and location of the study area is shown in Figure 1.

Geology of the study area

Ajabshir area has a considerable variety of geological formations outcrops. Extensive rock outcrops and
sedimentary layers in the study area indicate a complex and long geological history. Published geological
and tectonic maps show that Azerbaijan, including the study area, is the site of the Alborz and Zagros
sedimentary-tectonic collisions and, �nally, the Urmia Dokhtar volcanic zone (Darvishzadeh, 2001). Units
belonging to the Upper Cretaceous period are extensive in the northwestern, northern, and northeastern
parts of the plain. The Plio-Pleistocene volcanic tuffs have an extended exposure and overlie the Pliocene
beds to the North east of the plain in the western part of the core of the Sahand volcano. Miocene units
have a signi�cant spread in the eastern highlands of the region (Darvishzadeh, 2001). The youngest
sedimentary deposits are the recent sediments deposited in the Qala-e-Chay River channel, consisting of
sand and gravel and to some extent, silt and clay. In the Ajabshir area, the Cretaceous outcrops in the
northwest region are strongly folded and faulted, covered by the plain sediments in most areas. The
general trend of folds and faults is northwest-southeast. There are many faults and fractures in this area,
some of which are active and have affected Quaternary sediments. Also, the effects of the Sahand
volcano and the spread of igneous rocks in the region on a large scale are other signi�cant factors in this
formation (Figure 2).
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Hydrogeological setting 

The Ajabshir aquifer is an uncon�ned aquifer formed from the alluvial deposits. A part of this alluvium is
formed by transporting the pyroclastic rocks of Sahand Mountains by the Qala-e-Chay River. It is made up
of igneous rocks in the eastern part of the region, adjacent to the outcrops among Goltapeh, Gouran and
Shiraz villages, to the north of Nansa, clay in the northern and northeastern parts and granular sediments
from the middle part to the southwest. According to the reports of the Regional Water Corporation of East
Azerbaijan Province, there are 622 active wells in the Ajabshir plain aquifer, mainly used for drinking and
agricultural purposes, most of them are shallow wells, while a small percentage of which are deeply dug.
There are 20 springs in the study area within the northeastern heights, and eight active Qantas are
located in the study area (Figure 3).

Modi�ed DRASTIC with a land-use layer (DRASTICL) 

DRASTIC is one of the frameworks of the overlap-weighting method for assessing the potential of
groundwater vulnerability to pollution. This framework includes seven parameters of groundwater depth
to water (D), net recharge (R), aquifer media (A), soil media (S), topography (T), the impact of the Vadose
zone (I) and hydraulic conductivity (C) of aquifer. The parameters are �rst rated and then weighted and
overlapped in the GIS environment using the table presented by Aller (1987) (Table 1). Modi�ed DRASTIC
with land-use layer (DRASTICL) is the same as DRASTIC, except for adding the land-use layer parameter
(L) to the existing parameters. Therefore, Eq. (1) shows the formula for calculating the vulnerability index:

Where the capital letters indicate the parameters used. The indices r and w represent the rate and weight
of the parameters, respectively. The value of 10 is given to the highest vulnerability potential, while the
value of 1 is given to the lowest vulnerability potential (Table 1). The weight of the parameters is between
1 and 5, according to Table 1. In this study, a weight of 5 is considered for the land-use layer.

Table 1. Rate and weight of the DRASTICL parameters (Aller, 1987)
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Depth to water (5) Net recharge (4) Aquifer media (3) Soil media (2)

Range
(m)

Rating Range (mm) Rating Type Rating Type Rating

0 - 1.5 10 0 - 50.8 1 Sandy-
Clay/Silt

3 Silty-loam 4

1.5 - 4.6 9 50.8 – 101.6 3 Clay/Silty-
Sand

5 Gravel-loam 6

4.6 - 9.1 7 101.6 - 177.8 6 Sand/Gravel 8    

9.1 -
15.2

5 177.8 – 254 8        

15.2 -
22.9

3 254 < 9        

22.9 -
30.5

2            

30.5 < 1            

Topography (1) Impact of the Vadose zone
(5)

Hydraulic  conductivity
(3)

Land use (5)

Slope
(%)

Rating Type Rating Range (m/d) Rating Type Rating

0 - 2 10 Clay/Silt 2 4> 1 Natural
areas

2

2 - 6 9 Sandy-Clay/Silt 4 4-12 2 Pasture
areas

4

6 -12 5 Clay/Silty-Sand 6 12-18 4 Arti�cial
areas

8

12-18 3 Sand/Gravel 8     Farming
areas

10

18 < 1            

Model optimization using fuzzy logic

Fuzzy logic replaces the need for a sophisticated and advanced mathematics system for design and
modeling with linguistic quantities and expert knowledge. In other words, it is a kind of logic that uses the
inference methods of the human brain. The concept of fuzzy logic was �rst introduced by Zadeh (1965).
He argued that humans do not need precise information about inputs, but can design models that provide
reliable responses by receiving incomplete data. The basis of fuzzy logic is based on fuzzy sets that
extend the classical theory of sets in mathematics and offer membership functions. In this way, an
individual is, to some extent, not entirely, a member of a set. In this theory, the membership of the
members of a set is determined by the function X(u), where X represents a de�nite member and u is a
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fuzzy function that determines the degree of membership of X in the corresponding set, having a value
between 0 and 1 (Eq. 2).

In other words, X(u) forms a mapping from the values of x to possible numerical values between 0 and 1.
The function X(u) might be a set of discrete or continuous values. When u forms only some values
between 0 and 1, it is discrete, but if it is constant, it creates a constant curve of decimal numbers in this
range. Membership functions are used to consider the degree of membership, which include triangular,
trapezoidal, Gaussian, bilateral Gaussian, point, L-shaped, S-shaped and sigmoid (Rajasekaran et al.,
2005). For modeling with fuzzy logic, �rst, the input data should be represented as membership
functions, and then, using fuzzy rules, the membership functions are linked to the output data. Fuzzy
logic is implemented through practices called fuzzy operators, which are based on the IF-THEN rules.
Fuzzy logic consists of three methods, Larsen, Mamdani and Sugeno, where the latter is usually used
mainly due to the �xed and linear modeling process (Sugeno et al., 1985). This method of modeling
consists of three steps: determining the structure or clustering, using fuzzy operators and estimating
parameters and minimum squares of error. The research �owchart used in this study is shown in Figure
4. The vulnerability index was �rst modi�ed with Eq. (3) to optimize the DRASTICL index by fuzzy logic,
which is one of the methods of arti�cial intelligence

where Vuli indicates the correction of the vulnerability index (DRASTICL index), Vulmax is the maximum

value of the DRASTICL index, (No-
3)max is the maximum nitrate concentration, and (No-

3)i is the nitrate
concentration.

Fuzzy sets with vague and gradual boundaries between de�ned boundaries are an appropriate method to
deal with human error and the nature of uncertainty in the system (Calvo et al., 2009; Tayfur et al., 2014).
For this reason, in this study, the Sugeno-type fuzzy method was used to optimize DRASTICL relative to
the nitrate concentration to assess the vulnerability of an area.

Data normalization

Eq. (4) was used to perform the data normalization process that eliminates the various ranges of data
values by converting their values between 0 and 1

where Xi is the i-th data, Xmin and Xmax are the minimum and maximum data values, and Xi
n is the

normalized value of Xi.
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Model implementation

Mapping the input layers of the DRASTICL framework

To prepare the vulnerability map using DRASTICL, �rst, the information related to each of the parameters
was collected and interpolated in the ArcGIS software environment and then rated and weighted
according to the Aller standard (Aller, 1987). The method of preparing the map of each parameter is
summarized below.

1. Groundwater depth (D) determines the depth of pollution in�ltration to reach the water table. As
groundwater depth increases, it takes longer for pollution to reach groundwater. Therefore, for lower
depths, a rate of 10 is given, and for greater depths, the rate 1 is given. The groundwater depth layer was
prepared after interpolation and rating according to Table 1 (Figure 5a).

 2. Net recharge (R) indicates the amount of water in�ltrated from the ground to the groundwater level.
Water causes the contaminant to be transported vertically to the watertable. The Piscopo method
(Piscopo, 2001) was used to create this layer. The effective parameters in this method are three layers of
precipitation, soil permeability, and slope percentage (Table 2). By rating and overlapping these three
layers, the net recharge layer was calculated according to Eq. (5) (Figure 5b).

Net Recharge index = slope + precipitation + soil permeability                                            (5)

3. To prepare the layers of aquifer media (A), soil media (S), and impact of the Vadose zone (I), the
material data of 25 logs in the area were used. Then, the rating was performed according to Table 1 so
that the highest rate was assigned to coarse-grained sediments, while the lowest rate was assigned to
�ne-grained sediments, followed by the interpolation of the layers (Figures 5c, 5d, and 5e).

4. Topographic layer (T) indicates changes in the slope of the earth’s surface. Increasing the topographic
slope reduces the water retention on the ground and reduces the in�ltration rate. Therefore, areas with a
lower slope will be rated higher. The digital elevation model (DEM) of the region was used to prepare this
layer, and then the rating was performed (Figure 5f).

5. Hydraulic conductivity (C) determines the permeability of the aquifer or the ability of the aquifer
materials to transfer water. Therefore, the higher the hydraulic conductivity of the aquifer, the greater the
possibility of contaminants �owing into the aquifer, which was obtained after introducing and rating the
layer (Figure 5g).

6. Preparation of land-use layer (L). Landsat images and soft ENVI software were used to prepare the
land-use map. This map, which includes farming areas, residential and industrial areas, pastures and
barren, was obtained as a raster layer and was rated in the ArcGIS environment. Figure 5(h) shows the
land-use layer map. The highest rate is given to the most vulnerable area of the plain, which is farming
areas, while the lowest rate is assigned to barren areas. It should be noted that the vulnerability of the
residential and industrial areas is considered at an average level in this study.
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Table 2. Piscopo ratting (Piscopo, 2001) 

Net recharge  Soil permeability Slope Precipitation

range rate range rate Slope (%) rate Rain (mm) rate

11-13

9-11

7-9

5-7

3-5

10

8

5

3

1

high

Medium-high

Medium 

low

Very low

5

4

3

2

1

2>

2-10

10-33

33<

4

3

2

1

850< 

850-700

700-500

500>

4

3

2

1

Vulnerability index by the DRASTICL method

After preparing and rating the parameters, the layers created in GIS were combined and overlapped using
the weighted sum by applying their weights to obtain the DRASTICL framework index. The vulnerability
index ranged from 117 to 185 in this study. Its value is divided into three categories: low (117-119),
medium (120-115), and high (185-160) (Table 3). Due to the DRASTICL zoning map (Figure 7a), farming
areas have the most signi�cant potential for vulnerability. Moreover, the central regions of the plain have
the highest vulnerability index.

Table 3. The DRASTICL framework index

Percentage of Area (%) Area (km2)  DRASTICL range Vulnerability range

30 28.8 117 - 119 Low

66.8 64.2 120 - 159 Medium

3.2 3 160 - 185 High

Optimization of vulnerability mapping using fuzzy logic

In this study, the Sugeno-type fuzzy logic was employed to optimize the DRASTICL model. The inputs of
the fuzzy model were the eight main parameters of the DRASTICL framework and its output was
calculated through Eq. (3). Afterwards, the values of all inputs and outputs of the layers were normalized
using Eq. (4). A total of 80% of the data were considered training data, while the rest was used for the
test. The reduction clustering method was used to classify the data, and the fuzzy model was
implemented. R2 and RMSE, as performance evaluation criteria, were calculated for the prediction of
training and testing data as 0.898 and 0.3, respectively. Finally, with the interpolation of output data in
GIS software, the DRASTICL map was improved with fuzzy logic, and a vulnerability index of 0.01 to 0.6
was obtained (Figure 7, b). The correlation coe�cient between the outputs of the fuzzy logic method and
the nitrate was 0.8. The results of fuzzy logic optimization performance evaluation (Sugeno) are
presented in Table 4.
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Table 4. The results of fuzzy logic optimization performance evaluation (Sugeno)

Evaluation criteria R2

Training data 1

Testing data 0.898

Discussion And Results
The DRASTICL framework was used to determine the vulnerability potential of the study area. The
DRASTICL index ranged from 117 to 185. Based on the Aller classi�cation, the index was divided into
three categories of low, medium and high vulnerability (Table 3). Afterwards, nitrate pollution was used
for corrected static validation, that was obtained by analyzing 26 water samples taken from active wells
in the Ajabshir plain with evenly distribution. Since nitrate pollution has a human-made origin and can
enter groundwater directly from the earth’s surface, it is a suitable indicator for verifying groundwater
vulnerability for pollution. Nitrate is considered a serious threat to the quality of groundwater resources
due to the use of chemical fertilizers in agriculture. This pollutant has a more remarkable distribution
compared to the other pollutants in the plain. Given the essential role for the groundwater in the drinking
and health of the region populations, its entry into the human food chain can cause many problems.
Therefore, there is a need for detailed studies on the factors that increase nitrate pollution in the region’s
groundwater. According to the interpolated map of nitrate concentration (Figure 6), its amount is at its
highest in the north and northwest of the plain, including agricultural and industrial areas according to
the land-use map. The correlation coe�cient of the DRASTICL index with nitrate pollution was 0.31. The
correlation was taken between nitrate and the DRASTICL parameters which hydraulic conductivity, soil
environment, and net nutrition play the most important roles in the vulnerability, and other parameters are
less or balanced. The fuzzy logic method for optimization has been used for the uncertainty and
disadvantages of expert opinions in determining the rate and weight of parameters. The value of the
vulnerability index by the fuzzy logic method was also 0.01 to 0.6 falling in the safe zone in terms of
vulnerability. The correlation coe�cient of fuzzy logic results with nitrate was 0.8. To ensure the accuracy
of the methods performed, the correlation index (CI) was obtained for both methods. According to the
results presented in Table 5, the improved correctness with fuzzy logic has a higher correlation index
(Table 4). Based on the results obtained from the correlation coe�cient and correlation index obtained
from the methods used with nitrate, it can be concluded that the optimized DRASTICL type with fuzzy
logic is a better and more appropriate method for assessing the vulnerability of the Ajabshir plain. (Figure
7a and b).

Table 5. DRASTICL and DRASTICL - FUZZY correlation index (CI) and the correlation coe�cient (R2) 
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R2 CI Vulnerability methods

0.31 71 DRASTICL

0.8 75 DRASTICL - FUZZY

Conclusion
Most of the Ajabshir plain area is composed of farming areas. Due to this, with the intensive use of
chemical fertilizers in agriculture and the growth of industry, groundwater has been exposed to the nitrate
contamination. Therefore, to investigate the pollution of groundwater resources in the region, �rst, the
vulnerability index was calculated by using the modi�ed approach with eight effective parameters in
pollution followed by Sugeno fuzzy logic optimization. The hydraulic conductivity and soil environment
were very important in determining vulnerability indices and had a higher correlation coe�cient compared
to the other parameters involved in vulnerability index zoning. In the DRASTIC framework modi�ed with
the land use layer, the vulnerability index of 117 to 185 was in the range of low, medium, and high
vulnerability, respectively. North and northwestern parts of the plain have a high vulnerability index. The
central areas of the plain, which are mainly farming lands, have the highest vulnerability index. The
optimized DRASTICL index with fuzzy logic was obtained from 0.01 to 0.6, which is in the invulnerable
range according to the Aller classi�cation. The fuzzy logic method showed a satisfactory correlation and
agreement with the nitrate concentration. The modi�ed correlation coe�cients of the DRASTICL and
DRASTICL-fuzzy methods with nitrate concentration were 0.316 and 0.8, respectively.
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Figure 1

The digital elevation model and location of the study area
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Figure 2

Geological map of the study area
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Figure 3

Digital elevation model and groundwater resources map of the study area

Figure 4

The �owchart of the methodology used in this study
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Figure 5

Layers of the DRASTICL framework, (a) groundwater depth, (b) net recharge, (c) aquifer media, (d) soil
media, (e) impact of vadose zone, (f) topography, (f) hydraulic conductivity and (h) land-use layer
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Figure 6

Nitrate concentration map in the Ajabshir plain
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Figure 7

Zoning of Vulnerability Maps of the Ajabshir Plain, a) DRASTICL b) Optimized DRASTICL by Fuzzy


