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Groundwater potential analysis prepares better comprehension of hydrological settings of diﬀerent
regions. This study shows the potency of two GIS-based data driven bivariate techniques namely
statistical index (SI) and Dempster–Shafer theory (DST) to analyze groundwater potential in Broujerd
region of Iran. The research was done using 11 groundwater conditioning factors and 496 spring positions.
Based on the ground water potential maps (GPMs) of SI and DST methods, 24.22% and 23.74% of the
study area is covered by poor zone of groundwater potential, and 43.93% and 36.3% of Broujerd region
is covered by good and very good potential zones, respectively. The validation of outcomes displayed
that area under the curve (AUC) of SI and DST techniques are 81.23% and 79.41%, respectively, which
shows SI method has slightly a better performance than the DST technique. Therefore, SI and DST
methods are advantageous to analyze groundwater capacity and scrutinize the complicated relation
between groundwater occurrence and groundwater conditioning factors, which permits investigation
of both systemic and stochastic uncertainty. Finally, it can be realized that these techniques are very
beneﬁcial for groundwater potential analyzing and can be practical for water-resource management
experts.
Keywords. Groundwater; statistical index; Dempster–Shafer theory; water resource management; GIS.

1. Introduction
Water scarcity exists all around the world and it
has quickly increased requirements for freshwater
(Todd and Mays 2005; Manap et al. 2012). Due
to the fact that there are a lot of desert lands
without green pastures and forests in Iran, this
country is heading towards a lot of water problems (Bastani et al. 2010). In waterless provinces
and territories of Iran, groundwater reservoirs are
supposed to be the principal source of water supply. Unfortunately, as a result of high extraction

rates of water and unsuitable management plans,
the groundwater levels have been falling in the
last few decades (Nosrati and Eeckhaut 2012).
So, groundwater potential analyzing is vital to
administer groundwater reservoirs, especially in
data-scarce regions (Mondal et al. 2008; Rahmati
et al. 2014).
Generally, the prevalent methods for detection of
groundwater resources have some weaknesses, like
complexity, uneconomical, time consuming, very
expensive, and sometimes unsuccessful (Jha et al.
2010).
1
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In the view of these weaknesses, there is a
strong requirement for reassessment of groundwater resources using pioneer technology such
as Geographic Information System (GIS), Global
Positioning System (GPS), and Remote Sensing
(RS) (Srivastava et al. 2013; Singh et al. 2014). The
growth of these tools has also prepared another
time and cost impressive means of groundwater
potential analysis (Nampak et al. 2014; Masoud
and El Osta 2016). So, according to Davoodi
Moghaddam et al. (2015), groundwater potential
analysis can be very useful and helpful for managers to prepare best management scenarios of
water resources in any region.
In recent years, various researchers have strived
to describe productivity of groundwater applying
many data-driven and knowledge-driven models
(Corsini et al. 2009; Ozdemir 2011a, b; Agarwal
et al. 2013; Park et al. 2014; Shahid et al. 2014;
Al-Abadi 2015; Naghibi et al. 2015; Pourtaghi and
Pourghasemi 2015; Mahesvaran et al. 2016; Mogaji
et al. 2016). According to Solomatine et al. (2008),
data-driven models (DDM) consider and analyze
relationship between variables of a system such as
inputs, internal and outputs without giving attention to the behaviour of physical systems. So,
these models are known as computational intelligence and machine learning techniques to use
for replacing physically based models. In contrast,
knowledge-driven methods (KDM) use rich prior
knowledge for model building based on knowledge
engineering and management technologies (Azkune
et al. 2015). Azkune et al. (2015) stated that
the mentioned models (KDM) are based on real
world observation; so, one of the most important
advantages is the use of generic knowledge rather
than data.
The current investigation paper describes the
usage of two GIS-based data-driven SI and DST
techniques to analyze groundwater capacity using
spring locations as groundwater indicator in the
Broujerd region, Lorestan Province, Iran. Suﬃcient
and persistent resources of high quality water from
ground reservoirs are vital for sustained domestic,
agricultural and industrial use throughout Broujerd region. Mapping of groundwater potential
prepare better comprehension of the hydrological
conditions of the region and can be applied in
waterless regions. This is a promising approach
for impressive management and planning of important groundwater resources, especially in datascarce developing regions. In addition, the usage of
GIS-based SI technique in groundwater potential
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analyzing (using spring locations) is used for the
ﬁrst time in this study, because of in above several
literature reviews were used for landslide susceptibility and also, the application of DST technique is
very new in groundwater potential analysis.
2. Study area
The Broujerd region covers an area of nearly
1676 km2 and is located in Broujerd region of
Lorestan Province, Iran, latitudes 33◦ 35 –34◦ 10 N
and longitudes 48◦ 20 –49◦ 10 E (ﬁgure 1). The topographical altitude of the Broujerd region varies
from 1466 to 3621 m amsl, with an average of
2543 m. The region receives an average annual
rainfall of ∼458 mm. Depending on recorded meteorological data in Broujerd Station for the duration
(1989–2015), the monthly average, minimum, and
maximum temperatures are 14.7, 8.2, and 21.3◦ C,
respectively (Iranian Meteorological Organization
2015). The Broujerd region, made up of ﬁve landuse patterns namely agriculture, orchard, forest,
rangeland, and settlement areas. The major land
use is rangeland type and covers almost 42% of
Broujerd region. Depending on geological survey
of Iran (GSI 1997), the lithology of study area consisted of the units represented as Qt2 (pediment
fan and valley terrace deposits; 49% of study area),
KPAiai (granite to diorite intrusive rocks), Phh
(phyllite, slate, and meta-sandstone), JKbs (limestone), Mf (reefal coral and algal limestone), MJst
(meta-limestone, meta-quartzarenite, phyllite, and
meta-volcanics), and h (hornfels, andalusite, and
carbonate rocks), which are appropriate lithology
for groundwater aﬄuence (table 1).
3. Methodology
An overview of the techniques that was applied
to analyze groundwater potential in the Broujerd
region is demonstrated in ﬁgure 2. The ﬂowchart
is made up of three parts: (1) data preparation, (2) mapping of groundwater potential applying statistical index and Dempster–Shafer theory
techniques, and (3) validation of the produced
models applying receiver operating characteristic
curve.
3.1 Datasets
For understanding the connection among the spring
locations and the impressive factors, mapping of
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Figure 1. Location of the study area with spring locations map.
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Table 1. Lithology of the study area.
Code
h
JKbs
KPAiai
Mf
MJst

Phh
Qt2

Formation

Lithology

—
—
—
Fars
—

Hornfels; andalusite; carbonate rocks
Limestone
Granite to diorite intrusive rocks
Reefal Coral and Algal Limestone
Meta-limestone,
meta-quartzarenite, phyllite
and meta-volcanics
Phyllite, slate and meta-sandstone
Pediment fan and valley terrace deposits

Hamadan
—

Geological age
Mesozoic
Mesozoic
Mesozoic
Cenozoic
Mesozoic

(Jurassic)
(Jurassic–Cretaceous)
(Late Cretaceous)
(Miocene)
(Triassic–Cretaceous)

Mesozoic (Jurassic)
Cenozoic (Quaternary)

Figure 2. The ﬂowchart of used methodology in the Broujerd Region, Iran.
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spring inventory is so useful. Firstly applying wide
ﬁeld surveys, 496 springs were discovered and were
mapped in the Broujerd region (ﬁgure 1). Applying
a haphazardly partition algorithm (Oh et al. 2011;
Lee et al. 2012b) of the 496 spring locations, 70%
were chosen for mapping of groundwater potential
and the remaining 30% were applied for validation. Assessment of various spring-relevant factors
applying the spring inventory map is vital to deﬁne
a groundwater potential map (GPM). In total, 11
spring-relevant factors were applied for calculations, which are altitude, slope aspect, slope angle,
topographic wetness index (TWI), plan curvature,
land use, distance from roads, distance from rivers,
drainage density, lineament density, and lithology.
The digital elevation model (DEM) has been
prepared by National Cartographic Center (NCC)
using topography base points displaying the altitude values which were achieved from the 1:50,000
scale topographic maps and 20-m interval contours.
For production altitude, slope aspect, slope angle,
TWI, and plan curvature maps, the DEM was
applied as the input layer (ﬁgure 2a–e). Altitude
was built straightly from the 20-m DEM depending on the topographic maps and were grouped
into six classes based on equal-interval classiﬁcation scheme (ﬁgure 2a). Another impressive factor
is slope aspect that was made applying the forenamed DEM and categorized into nine classes
depending on usual standard classiﬁcation (ﬁgure 2b). Slope has signiﬁcant role for analyzing
groundwater potential (Davoodi Moghaddam et al.
2015), therefore the slope angle map of the Broujerd region was constructed and categorized into
ﬁve classes (ﬁgure 2c). Topography has an important eﬀect on soil moisture, groundwater ﬂow, and
other hydrological conditions; therefore, the secondary topographic index such as TWI has been
applied for describing spatial patterns of soil moisture (Beven and Kirkby 1979; Moore et al. 1991)
(ﬁgure 2d).
Plan curvature is deﬁned as the curvature of
a contour line organized by dividing a horizontal
plane with the surface (Moore and Burch 1986).
The plan curvature map was made in SAGA-GIS
software and categorized as ﬂat, convex, and concave (ﬁgure 3e). By applying Landsat 7 ETM+
(Enhanced Thematic Mapper Plus) images, the
landuse map of the study area was prepared.
According to ﬁgure 3(g), these land use patterns
are agriculture, orchard, forest, rangeland, and
settlement. A large area of the Broujerd region
(42%) is covered by rangeland pattern.
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Topographic database have been applied, to
compute the distance to roads and rivers. The
road and river buﬀers were computed in 500 m
intervals, as displayed in (ﬁgure 3g–h). Diﬀerent
fracture patterns mirror the structure and lithology of the area and aﬀect the drainage density
and can be of big value to evaluate groundwater resources (Godebo 2005; Acharya et al. 2014;
Bhuiyan 2015). Using river lines, the drainage density map was created and categorized into four
classes (ﬁgure 3i). The density of geological lineaments inﬂuencing recharge and inﬁltration as a
hydrogeological factor (Bhuiyan 2015). The lineament density was speciﬁed as the whole length
of all recorded lineaments divided by the area
under attention (Edet et al. 1998). In this study,
lineament density map was classiﬁed into four
categories (ﬁgure 3j). The lithology factor is a
momentous factor in predicting zones of groundwater potential. The lithology map was digitized
applying a geological map (1:100,000 scale) in the
ArcGIS environment. The Broujerd region consists
of diﬀerent patterns of lithological units and was
grouped into seven classes.
For usage of SI and DST techniques, all the
aforementioned groundwater related factors were
modiﬁed to a raster grid with 20×20 m cells.
3.2 Application of models
3.2.1 Statistical index (SI)
This technique is a bivariate statistical method. In
this technique, a weight value for each categorical
unit is described as the natural logarithm of the
spring density in the categorical unit divided by the
spring density in the whole map. This technique is
dependent on the following equation (van Westen
et al. 1997):

WSI = ln

Aij
A




= ln

Sij/ST
T ij/T L


(1)

where WSI is the value given to a deﬁnite category i of parameter j; Aij spring density within
category i of parameter j; A is all spring density within the whole map; Sij is the number of
springs in a deﬁnite category i of parameter j; Tij
is the number of pixels in a deﬁnite category i of
parameter j; ST is the total number of springs
in the whole map; TL, all pixels of the whole
map. To carry out the SI analyzing, all maps are
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Figure 3. Groundwater eﬀective factors maps in the Broujerd region, Iran: (a) altitude, (b) slope aspect, (c) slope angle,
(d) topographic wetness index, (e) plan curvature, (f) land use, (g) distance from roads, (h) distance from rivers, (i) drainage
density, (j) lineament density, and (k) lithology.
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crossed and overlaid singly with the springs location map applying the ArcGIS 10.3 software, and
the numbers of pixels forming the springs that fall
into the diﬀerent classes of the various maps are
computed. The computed numbers of pixels are
separated by the whole number of pixels for that
chosen parameter to compute the density of the
category. Until the spring density is more than
normal, the weight value is positive and until it
is less than normal, the weight value is negative.
The last weight value gained from the modeling
is investigated applying the weighted sum option
of the spatial analyst tools part in ArcGIS software and the last groundwater potential map was
produced.
3.2.2 Dempster–Shafer theory (DST) model
The Dempster Shafer theory is pursuant to Dempster law in popularization of Bayesian lower and
upper probabilities (Dempster 1967, 1968). To use
the DST technique, ﬁrstly, the thematic layers of
groundwater impressive factors must be changed
into evidential data layers. Then, they can be
united to create a predictive groundwater potential
map (GPM) applying the quantitative awareness of
the spatial relation among groundwater impressive
factors and springs.
In groudwater potential mapping using DST
technique, each class of the impressive factors have
a value of belief (Bel), value of disbelief (Dis),
value of uncertainty (Unc), and value of plausibility (Pls) (values in range of 0–1) (Althuwaynee
et al. 2014; Pradhan et al. 2014). The ﬁrst sections of the theory are indicated by Pls and Bel as
upper and lower probability, respectively and basic
probability assignment function characterizes a
mapping of the power set to (0–1). For more details
please refer to Park (2011) and Althuwaynee et al.
(2014).
4. Results and discussion
4.1 Statistical index (SI)
Spatial relation among spring locations and each
impressive factor applying the SI technique is
displayed in table 2. The results of SI for the
relation among spring incidence and altitude indicate that category of 1800–2200 m with a positive
value (0.30) has the highest value of SI, and other
categories have negative values. The results
indicated that spring occurrence probability growth

J. Earth Syst. Sci. (2017) 126:109
with the altitude increase in the Broujerd region,
and then SI values reduce as the altitude becomes
more than 2200 m. For slope aspect impressive factor, springs are most aﬄuent on northeast, east,
and north facing having positive values of SI (0.59,
0.56 and 0.35, respectively). So, the spring occurrence probability is more in these regions because
in the Broujerd region, the drainage density, rivers,
and faults are in the northeast-, east-, and northfacing parts. The statistical index (SI) value for
slope angle displayed that ranges from 4.76 to 8.28,
and 8.28–15.53◦ have the maximum eﬀect on spring
occurrence. The slope angle >15.53◦ has negative value because of slope grows, then the runoﬀ
grows (Israil et al. 2006), leading to lower inﬁltration (Jaiswal et al. 2003). The relation between
topographic wetness index and groundwater potential displayed that category of slope angle >7.2
has the greatest value of SI (0.49). Fundamentally, the SI values display that the probability of
spring incidence grows, when TWI increases. TWI
is an impressive factor in this work because the
inﬁltration of water relies on material attributes
such as pore water pressure and permeability, and
aﬀects the soil strength. Concerning plan curvature, the SI value is positive (0.55) in concave
slope and other slopes (ﬂat and convex) show
negative value. There is more water in concave
slope and holds this water for more time mainly
pending heavy rainfall (Lee and Pradhan 2006).
Hence in comparison to the convex slope, it is
more favourable for groundwater. Regarding land
use, positive values of SI is recognized on forest
(1.81) and agriculture (0.19) areas. These types
of land use covers almost 0.42% and 31.45% of
the study area, respectively. Distance from roads
has tiny eﬀect on spring occurrence. It has a very
low probability to spring occurrence in distances
>3000 m from roads compared to the other categories. Diﬀerently, four categories of proximity to
roads indicate powerful favour for spring occurrence. These categories are <500 m (SI = 0.29),
500–1000 m (SI = 0.35), 1000–1500 m (SI = 0.17),
and 1500–3000 (SI = 0.14). The aforesaid results
showed that roads indirectly aﬀect the porosity
and permeability of the terrain. Regarding distance
from rivers, distance among 1500–3000 m only have
a positive value of SI (0.26), indicating a very big
probability of spring incidence. The drainage density 1.3–2.05 km/km2 has an SI value of 0.22, that
means that the properties of this category have
the most powerful relation with spring incidence,
whereas class of >4.22 has an SI value of −0.47.
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Table 2. Spatial relationship between each eﬀective factor and spring locations using SI
and DST models.

Class

No. pixels
in domain

Altitude (m)
< 1800
635631
1800–2200
834177
2200–2600
294041
2600–3000
69023
3000–3400
25869
> 3400
3656
Slope aspect
Flat
19378
North
190024
Northeast
222163
East
212444
Southeast
217036
South
268688
Southwest
315185
West
253498
Northwest
163981
Slope angle
< 2.26
378115
2.26–4.76
381260
4.76–8.28
368312
8.28–15.53
368195
> 15.53
366515
TWI
< 4.92
451907
4.92–5.9
488550
5.9–7.2
481415
> 7.2
440525
Plan curvature (100/m)
Concave
276014
Flat
1289364
Convex
297019
Land use
Agriculture
585888
Orchard
456165
Forest
7865
Rangeland
782012
Urban
30467
Distance from road (m)
< 500
156042
500–1000
139561
1000–1500
127211
1500–3000
327627
3000–5000
331532
> 5000
780424
Distance from rivers (m)
< 500
309903
500–1000
268529
1000–1500
226905
1500–3000
487683

No. of
Springs

Bel

Dis

Unc

Pls

SI

88
210
49
0
0
0

0.25
0.45
0.30
0.00
0.00
0.00

0.19
0.12
0.17
0.18
0.17
0.17

0.56
0.43
0.53
0.82
0.83
0.83

0.81
0.88
0.83
0.82
0.83
0.83

−0.30
0.30
−0.11
—
—
—

0
50
75
69
34
32
47
21
19

0.00
0.17
0.22
0.21
0.10
0.08
0.10
0.05
0.07

0.11
0.11
0.10
0.10
0.11
0.12
0.12
0.12
0.12

0.89
0.72
0.68
0.69
0.79
0.81
0.79
0.83
0.81

0.89
0.89
0.90
0.90
0.89
0.88
0.88
0.88
0.88

—
0.35
0.59
0.56
−0.17
−0.45
−0.22
−0.81
−0.48

27
65
100
109
46

0.08
0.18
0.29
0.32
0.13

0.23
0.20
0.18
0.17
0.22

0.69
0.61
0.53
0.51
0.65

0.77
0.80
0.82
0.83
0.78

−0.96
−0.09
0.38
0.46
−0.40

58
70
85
134

0.17
0.19
0.23
0.40

0.27
0.27
0.25
0.20

0.55
0.54
0.51
0.39

0.73
0.73
0.75
0.80

−0.37
−0.26
−0.05
0.49

89
230
28

0.54
0.30
0.16

0.29
0.36
0.36

0.17
0.34
0.48

0.71
0.64
0.64

0.55
−0.04
−0.68

132
66
9
137
3

0.13
0.08
0.64
0.10
0.06

0.18
0.21
0.20
0.21
0.20

0.69
0.70
0.16
0.69
0.74

0.82
0.79
0.80
0.79
0.80

0.19
−0.25
1.82
−0.06
−0.64

39
37
28
70
44
129

0.20
0.21
0.18
0.17
0.11
0.13

0.16
0.16
0.16
0.16
0.18
0.18

0.64
0.63
0.66
0.67
0.72
0.69

0.84
0.84
0.84
0.84
0.82
0.82

0.29
0.35
0.17
0.14
−0.34
−0.12

46
46
41
118

0.14
0.16
0.17
0.23

0.17
0.17
0.17
0.15

0.69
0.67
0.66
0.62

0.83
0.83
0.83
0.85

−0.23
−0.08
−0.03
0.26
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Table 2. (Continued.)

Class

No. pixels
in domain

3000–5000
371678
> 5000
197699
Drainage density (km/km2 )
< 1.3
1064584
1.3–2.05
129710
2.05–4.22
334806
> 4.22
333297
Lineament density (km/km2 )
< 0.12
927894
0.12–0.25
268470
0.25–0.58
369251
> 0.58
296782
Lithology
h
39570
JKbs
224097
KPAiai
274768
Mf
102975
MJst
53256
Phh
246891
Qt2
920840

No. of
Springs

Bel

Dis

Unc

Pls

SI

68
28

0.17
0.13

0.17
0.17

0.66
0.70

0.83
0.83

−0.02
−0.27

224
30
54
39

0.29
0.32
0.22
0.16

0.21
0.25
0.26
0.28

0.50
0.43
0.51
0.56

0.79
0.75
0.74
0.72

0.12
0.22
−0.14
−0.47

37
54
143
113

0.04
0.20
0.38
0.38

0.41
0.23
0.17
0.19

0.55
0.57
0.45
0.44

0.59
0.77
0.83
0.81

−1.54
0.08
0.73
0.71

8
12
96
64
4
27
136

0.33
0.09
0.58
1.03
0.12
0.18
0.24

0.34
0.37
0.29
0.29
0.35
0.36
0.41

0.33
0.54
0.13
−0.32
0.53
0.46
0.35

0.66
0.63
0.71
0.71
0.65
0.64
0.59

0.08
−1.25
0.63
1.20
−0.91
−0.53
−0.23

SI = Statistical Index; Bel = Belief; Dis = Disbelief; Unc = Uncertainty; Pls = Plausibility Total Pixels = 1862397; Total Training Springs = 347.

For this factor, as the drainage density grows, the
spring frequency commonly reduces. The drainage
density relies on the existing local and regional
fracture patterns and characteristics of bedrocks
(Pourghasemi and Beheshtirad 2014). Considering the case of lineament density, results showed
that 0.25–0.58 and >0.58 km/km2 classes have values weights (SI) of 0.73 and 0.71, respectively. In
contrast, for the lineament density <0.12, relation
among spring incidence and lineaments demonstrates a slight probability of spring incidence.
Linearly fractured regions on geologic structure of
an area such as, dykes and faults are lineaments
and they can control the water movement among
subsurface and surface. Regarding lithology, the
statistical values were positive in Mf (coral-reef
and algal limestone), KPAiai (granite to diorite
intrusive rocks) and h (contact metamorphic rocks)
classes. Meanwhile, class Mf has the most probability for spring incidence with value of 1.20;
due to lithological formations. Finally, groundwater potential map applying SI technique was built
by the following equation:

GPMSI = (0.30 altitude) + (0.59 slope aspect)
+(0.46 slope angle) + (0.49 TWI)

+(0.55
+(0.35
+(0.26
+(0.22
+(0.73
+(1.20

plan curvature) + (1.82 landuse)
distance from roads)
distance from rivers)
drainage density)
lineament density)
lithology)
(2)

4.2 Dempster–Shafer theory (DST)
The outcomes of spatial relation among groundwater occurrence and impressive factors applying
Dempster–Shafer theory (disbelief, belief, plausibility, and uncertainty) technique is displayed in
table 2. Based on table 2, the classes of the impressive factors which have a higher belief (Bel) values,
have more eﬃcacy on the groundwater potential.
For instance, in association with altitude, 1800–
2200 and 2200–2600 m classes had the greatest
belief values (0.45 and 0.30).
The integrated results of Dempster–Shafer theory technique is demonstrated in ﬁgure 4. After
comparing belief map (ﬁgure 4a) with disbelief map
(ﬁgure 4b), the results indicated that enormous
groundwater potential was there for the regions
having small values of disbelief and high values
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Figure 4. Integrated results of Dempster–Shafer theory technique in the Broujerd region, Iran; (a) belief, (b) disbelief,
(c) uncertainty, and (d) plausibility.

of belief for the incidence. The uncertainty map
(ﬁgure 4c) displayed absence of information for providing an actual proof for spring incidences. The
enormous uncertainty degrees were in the regions
where belief degrees were small. The plausibility
map (ﬁgure 4d) display enormous degrees for
regions where both belief and uncertainty degrees
are enormous. In agreement with results of
Althuwaynee et al. (2014) and Pradhan et al.
(2014), our results indicated that the dominant

beneﬁt of Dempster–Shafer theory is that, the
usage of this model not only lets the predictive mapping of desirable regions, but also allows
calculating the degrees of uncertainty in the prediction. Moreover, pursuant to outcomes reported
by Park (2011) and Lee et al. (2012a), Dempster–
Shafer theory technique provide a group of mass
functions containing Bel, Dis, Unc and Pls. Therefore, the outcomes of this technique illustrate
quantitative relations among impressive factors

109
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Figure 5. Groundwater potential maps (GPMs) produced by (a) statistical index and (b) Dempster–Shafer theory techniques
in the Broujerd region, Iran.
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Figure 6. Prediction rate curves for the groundwater potential maps by (a) SI and (b) DST techniques in the Broujerd
region, Iran.

and spring occurrence by calculating the degree
of uncertainty. In the end, the groundwater
potential map (GPM) applying DST technique
was constructed applying the following equation
(ﬁgure 5):
GPMDST = ([AltitudeBel ]) + ([Slope AspectBel ])
+([Slope AngleBel ]) + ([TWIBel ])
+([Plan CurvatureBel ])
+([LanduseBel ])
+([Distance from RoadsBel ])
+([Distance from RiversBel ])

+([Drainage DensityBel ])
+([Lineament DensityBel ])
+([LithologyBel ])

(3)

In this research, two groundwater potential maps,
statistical index and Dempster–Shafer theory (ﬁgure 6a–b), were produced in ArcGIS software into
four categories and pursuant to natural break categorization method into low (poor), moderate,
high (good), and very high (very good) potential zones (table 3) (Ozdemir 2011a; Naghibi and
Pourghasemi 2015). Based on the GPMs of SI and
DST, poor zone of GPMs covered 24.22%, and
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Table 3. The distribution of the spring potential values and areas with
respect to the groundwater spring occurrence potential zones.
Spring potential
zoning
Low
Moderate
High
Very high

SI model
range

Dempster–Shafer model
Area (%)

(−6.07)–(−2.66)
(−2.66)–(−0.94)
(−0.94)–(0.88)
(0.88)–(5.22)

24.22
31.85
26.34
17.59
DST model

Low
Moderate
High
Very high

Range

Area (%)

(1.24)–(2.07)
(2.07)–(2.48)
(2.48)–(2.96)
(2.96)–(4.19)

23.74
39.66
24.09
12.51

23.74% of the Broujerd region, respectively, whenever the sum of good and very good zones for
SI and DST are 43.93%, and 36.3%, respectively.
Therefore, the results showed that DST have lowest values of area for high and very high classes
compared to SI.

5. Validation of groundwater potential
maps
The most signiﬁcant process of modeling is considered to be validation and without which the models
will have no scientiﬁc importance (Chung and Fabbri 2003; Nampak et al. 2014). For determining the
validity of the groundwater potential maps that
were produced in this study using statistical index
and Dempster–Shafer theory, the receiver operating characteristics (ROC) curve was applied using
MedCalc 15.8 software (Mohammady et al. 2012;
Ozdemir and Altural 2013; Pourghasemi et al.
2013; Rahmati et al. 2016). ROC curve method is
a usual technique used to specify the punctuality
of a diagnostic exam (Egan 1975). This curve could
be a demonstrated picture of the exchange among
the false negative and positive rates for every
conceivable cutoﬀ value. It plots the true positive
rate on the Y-axis and the false positive rate on
the X-axis (Negnevitsky 2002; Davoodi Moghaddam et al. 2015). Pursuant to Yesilnacar (2005),
the qualitative relation among prediction punctuality and AUC can be categorized into the following
groups: 0.9–1 (excellent); 0.8–0.9 (very good); 0.7–
0.8 (good); 0.6–0.7 (average); and 0.5–0.6 (poor).
In this research, the remaining 149 spring loca-

tions (30% which were not applied and pending
in the model building process) were applied to
verify the groundwater potential map. The AUC
value of the ROC curves for SI and DST models
were 0.8123 and 0.7941, and the prediction accuracy were 81.23% and 79.41%, respectively (ﬁgure
6). Hence, it is concluded that SI technique indicated very good accuracy in groundwater potential
analysing and DST technique showed good performance in groundwater potential zoning in the
Broujerd region. Meanwhile there are some drawbacks on bivariate statistical models that are given
below:
van Westen et al. (1997) reported that one of
the most important limitations of bivariate statistical models is that they have used conditional
independence assumption. By the way, these models are related to groundwater spring locations
and eﬀective factors, seriously. Another important disadvantage of bivariate statistical models as
presented by Pradhan et al. (2013) is that we
could not calculate the importance of each factor
and their role on output maps. So, the mentioned
drawbacks can be eﬀective on each ﬁnding in
diﬀerent cases.
6. Conclusions
All around the world, groundwater is one of the
utmost signiﬁcant natural resources. Accordingly,
prediction and recognition of spatial repartition
of potential zones for exploring groundwater have
turned into an important subject for private, government, and research organizations worldwide.
The present research was intended to assess the

J. Earth Syst. Sci. (2017) 126:109
performance of the SI and DST approaches for
predictive modeling of groundwater potentiality
and explored the relations between groundwater
conditioning factors and groundwater potential of
Broujerd region, Lorestan Province, Iran, using
spring locations. Hence, the SI and DST techniques
both indicate the potential zones of groundwater, and also show the most important classes of
each conditioning factor. Also, the SI and DST
techniques showed very good and good performance in groundwater potential analyzing in the
Broujerd region, respectively. In addition, the SI
method not only has a slightly better performance
than the DST technique, but also does not have a
complicated calculation such as DST model. On
the other hand, pursuant to obtained outcomes
reported by various researchers, the DST method
has considered the uncertainty and probability for
a spatial distribution of groundwater potentiality and present quantitative relationships between
impressive factors and springs occurrence by modeling the degree of uncertainty.
Moreover, this research indicate that the SI and
DST techniques are appropriate for analysing of
groundwater potential and simulating the complicated relation among groundwater incidence and
groundwater conditioning factors, which permits
analysis of both systemic and stochastic uncertainty. In addition, it can be realized that SI and
DST techniques are very beneﬁcial for groundwater
potential analysing and can be practical for waterresource management experts and we believe that
the outcomes acquired from our research prepare a
signiﬁcant contribution to the literature on groundwater.
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