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Abstract: Groundwater management and protection has been facilitated by computational modeling
of aquifer vulnerability and monitoring aquifers using groundwater sampling. The DRASTIC (Depth
to water, Recharge, Aquifer media, Soil media, Topography, Impact of vadose zone media, and
hydraulic Conductivity) model, an overlay and index GIS model, has been used for groundwater
quality assessment because it relies on simple, straightforward methods. Aquifer vulnerability mapping
identifies areas with high pollution potential that can be areas for priority management and monitoring.
The objectives of this study are to demonstrate how aquifer vulnerability assessment can be achieved
using DRASTIC with high resolution data. This includes calibrating DRASTIC weights using a binary
classifier calibration method with a genetic algorithm (Bi-GA), identifying areas of high potential
aquifer vulnerability, and selecting potential aquifer monitoring sites using spatial statistics. The aquifer
vulnerability results from DRASTIC using Bi-GA were validated with a well database of observed
nitrate concentrations for a study area in Indiana. The DRASTIC results using Bi-GA showed that
approximately 42.2% of nitrate detections >2 ppm are within “High” and “Very high” vulnerability
areas (representing 3.4% of study area) as simulated by DRASTIC. Moreover, 53.4% of the nitrate
detections were within the “Moderate” vulnerability class (26.9% of study area), and only 4.3% of the
nitrate detections were within the “Low” vulnerability class (60.1% of study area). Nitrates > 2 ppm
were not detected at all within the “Very low” vulnerability class (9.6% of area). “High” and “Very
high” vulnerability areas should be regarded as priority areas for groundwater monitoring and efforts
to prevent groundwater contamination. This case study suggests that the approach may be applicable
to other areas as part of efforts to target groundwater management efforts.

Keywords: binary classifier calibration method; genetic algorithm; DRASTIC; groundwater
management; aquifer vulnerability assessment

1. Introduction

Despite its widespread use as drinking water globally, groundwater is a poorly understood
resource [1]. Groundwater provides human populations with a variety of services, including water for
drinking and irrigation. However, groundwater systems have been increasingly threatened, directly
and indirectly, by human activities [2].

Groundwater is typically not easily contaminated, yet once this occurs water quality is difficult
to restore. Furthermore, groundwater pollution is not visible and is detected only when a well or
spring becomes noticeably polluted or the pollutant is discharged into surface waters [3]. Groundwater
management is necessary to maintain clean groundwater. Groundwater management has usually been
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facilitated by either modeling aquifer vulnerability with computational models or monitoring aquifers
using groundwater sampling.

Groundwater monitoring and sampling provide insight into groundwater quality and quantity
directly in real time. A groundwater monitoring network can provide quantity and quality data
necessary to make informed decisions regarding the state of the environment. A properly designed
monitoring system provides a representative understanding of the state of the monitored area [4].
Groundwater monitoring and sampling, however, are complex, difficult to apply for broad areas, and
costly. In addition, improper distribution of monitoring sites or an insufficient number of sites may
result in an unrepresentative view of the state of the environment. On the other hand, if the sampled
sites are too numerous, the information obtained is redundant and the monitoring network is costly
and inefficient [4].

Compared with groundwater monitoring and sampling, groundwater modeling is less complex
and costly, and allows evaluation of broad areas. Groundwater modeling can be used to select the
optimal number of monitoring locations and their spatial distribution for detecting pollution in
groundwater aquifers and can be useful to assess groundwater quality and provide a guide to manage
groundwater efficiently [4–6]. However, if only modeling techniques are used, groundwater quality
and quantity would be indirectly estimated and could not be calibrated and validated. Therefore, if
monitoring is conducted after identifying the most vulnerable areas by modeling techniques as an
initial screening tool, potential monitoring sites and areas where Best Management Practices (BMPs)
for groundwater quality protection can be determined in an effective and economic manner [7].

Various groundwater models, such as MODFLOW (MODular Three-dimensional finite-difference
groundwater FLOW model), GSFLOW (coupled Ground-water and Surface-water FLOW model),
and GWM-2005 (GroundWater Management process for MODFLOW-2005) [8–11], have been used to
evaluate groundwater quality. These models require significant input data to run, and for most users it
is not easy to use the models because they are fairly complicated. Moreover, they have limitations in
simulating large areas because they need many input data in ASCII format and much computation
time according to many model cells. As an alternative, the DRASTIC (Depth to water, Recharge,
Aquifer media, Soil media, Topography, Impact of vadose zone media, hydraulic Conductivity) model,
an overlay/index GIS model, has been used by several researchers for efforts related to groundwater
quality assessment because DRASTIC uses simple and straightforward methods [12,13].

The DRASTIC model has received some criticism due to limited validation. Holden et al. [14]
and Maas et al. [15] reported little correlation between model results and field data. In spite of
these concerns, DRASTIC has been widely used to evaluate environmental impacts associated with
groundwater pollution based on different ratings criteria, and the strength of the vulnerability
concept is that it is performed by classifying a geographical area in terms of its susceptibility to
groundwater contamination [16–18]. Advantages of the DRASTIC model include the method’s low
cost of application [18,19] and the relative accuracy of model results for extensive regions with a
complex geological structure [20,21]. Moreover, DRASTIC requires limited input data and has small
computational needs, because there is no complex numerical analysis that requires many parameters,
and there is no complicated simulation process [22]. DRASTIC is a reconnaissance tool, but has proven
its value as an indicator of areas deserving detailed hydrogeologic evaluation, and is useful as an
initial screening tool to evaluate aquifer vulnerability in broad areas and priorities for monitoring [4].
For these reasons, DRASTIC was used in this study of aquifer vulnerability assessment and as a way to
identify groundwater monitoring locations. Disadvantages of DRASTIC identified in previous studies
were used here to drive modifications to improve estimation of aquifer vulnerability.

The objectives of this study are to: (1) conduct aquifer vulnerability assessment with DRASTIC
using high resolution data; (2) calibrate DRASTIC weights using a binary classifier calibration with a
genetic algorithm (Bi-GA); (3) identify areas that have potentially high aquifer vulnerability and select
potential aquifer monitoring and management sites for effective monitoring planning and areas where
BMPs to prevent groundwater contamination might be considered; and (4) evaluate the performance
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of this approach by comparing the vulnerability assessment with monitoring data. Our study area for
this assessment is a large watershed in Indiana, USA, a state where approximately 60% of the drinking
water is supplied by groundwater.

2. Materials and Methods

2.1. Study Area

The study area (Figure 1) is the Upper White River Watershed (UWRW) (Latitude: 39◦29′51” N,
Longitude: 86◦24′02” W), a Hydrologic Unit Code (HUC) 8 watershed (05120201) located in central
Indiana and includes seventeen HUC 10 subwatersheds. Land Use and Land Cover (LULC) in the
UWRW includes 45.5% agricultural (22.5% soybeans, 22.2% corn, and 0.8% others), 23.5% urban, 14.9%
forest, 12.6% pasture, and 3.5% other LULC types.

The UWRW is important for public drinking water supplies as it includes more than 3508 km
of streams, numerous artificial lakes, and 4 reservoirs. Sixteen counties are located in the watershed,
and the UWRW serves as a portion of the drinking water supply for the city of Indianapolis, which is
Indiana’s largest city. The water sources in the rural areas of UWRW traditionally are individual wells
to provide groundwater for residential, commercial, and industrial purposes [23,24]. The UWRW was
selected to evaluate the improved DRASTIC (ver.2015).
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2.2. DRASTIC to Estimate Aquifer Vulnerability

Various groundwater vulnerability assessment approaches have been developed to evaluate
aquifer vulnerability. These include process based methods, statistical methods, and overlay/index
methods [25,26]. The process based methods use simulation models (i.e., SWAT [27], HSPF [28], and
GLEAMS [29]) to simulate contaminant transport [22]. Statistical methods identify relationships
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between simulated results or spatial variables and observed data in the aquifer. The overlay/index
methods (i.e., AVI (Aquifer Vulnerability Index) [30], COP (Concentration of flow, Overlying layer
and Precipitation) [31], DRASTIC [19], GOD (Groundwater hydraulic confinement, aquifer Overlying
strata resistivity, and Depth to water table) [32], and Irish [33]) are based on assembling information
on the most relevant characteristics affecting aquifer vulnerability. Using overlay/index methods,
aquifer vulnerability is evaluated by scoring, integrating, or classifying the information to produce an
index, rank, or class of vulnerability [34]. The overlay/index methods are easy to apply, especially on
regional or larger areas. Therefore, these are the most popular methods used in aquifer vulnerability
assessment for various spatial scales (from local to global scale).

DRASTIC is a conceptual model defined as a composite description of the most important
geological and hydrological factors that could potentially affect aquifer pollution. DRASTIC yields a
numerical index map of groundwater vulnerability that is derived from ratings and weights assigned
to the seven map parameters [18,19] (Equation (1)). The higher the DRASTIC index score, the greater
the groundwater vulnerability. The smallest possible DRASTIC index is 23 and the largest is 230, if the
range of DRASTIC weights ranges from 1 to 5.

DRASTIC =
n1
∑

i=1
DwiDri +

n2
∑

i=1
RwiRri +

n3
∑

i=1
Awi Ari +

n4
∑

i=1
SwiSri +

n5
∑

i=1
TwiTri +

n6
∑

i=1
Iwi Iri +

n7
∑

i=1
CwiCri (1)

where

Dr: Ratings to the depth to water table;
Dw: Weight assigned to the depth to water table;
Rr: Ratings for ranges of aquifer recharge;
Rw: Weight for aquifer recharge;
Ar: Ratings assigned to aquifer media;
Aw: Weight assigned to aquifer media;
Sr: Ratings for soil media;
Sw: Weight for soil media;
Tr: Ratings for topography;
Tw: Weight assigned to topography;
Ir: Ratings assigned to vadose zone;
Iw: Weight assigned to vadose zone;
Cr: Ratings for rates of hydraulic conductivity; and
Cw: Weight given to hydraulic conductivity.

With various DRASTIC weights, ranges, and ratings (Table A1), users can assign ratings and
weights in determining D, R, A, S, T, I, and C maps. The variable rating allows users to select either
a typical value or to modify the value based on users’ experience and knowledge in a specific area.
The DRASTIC model was designed to allow users to make a flexible modification so that the local
hydrogeological characteristics could be reflected and its parameters could be weighted properly [35].

DRASTIC has also been applied to many regions around the world. Babiker et al. [17] estimated
aquifer vulnerability and demonstrated the combined use of DRASTIC and GIS in Kakamigahara
Heights, Gifu Prefecture, Central Japan. They utilized sensitivity analyses to evaluate the relative
importance of the model parameters for aquifer vulnerability. Navulur [16] developed a technique for
estimating the vulnerability of groundwater to nitrate contamination from non-point sources (NPS) on
a regional scale. In the study reported here, the technique was applied to evaluate vulnerability of
groundwater systems in a large watershed in Indiana, United States, using a GIS environment with
1:250,000 scale data. Vulnerability of Indiana aquifer systems to NPS of pollution was also evaluated
using DRASTIC and SEEPAGE (System for Early Evaluation of Pollution potential from Agricultural
Groundwater Environments) analyses.
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2.3. Sources of Data

In this study, most data for DRASTIC ver.2015 are at 1:24,000 scale (Table 1), unlike the 1:250,000
scale data for DRASTIC ver.1996. The data include water table depth, precipitation, evapotranspiration,
LULC, aquifer systems, SSURGO used to produce recharge, soil media, and topography layers,
lithology, and aquifer transmissivity data (Table 1).

Table 1. Data used for creating DRASTIC input data.

Data Type Source Format Scale Date Used to Produce

Water well IDNR 1 Point
Shapefile 1:24,000 1959–2010 Depth to water

Annual Precipitation NCDC 2 Tabular data - 1949–2013 Recharge

LULC MRLC 3 Raster 1:250,000 2006 Recharge

Aquifer
Systems USGS 4

Polygon
Shapefile

Text
1:48,000 2003–2011 Aquifer media

SSURGO 5 NRCS 6 Polygon
Shapefile 1:12,000 2005

Recharge
Soil media

Topography

iLITH data IGS 7 Point
Shapefile 1:24,000 2001 Impact of vadose

Aquifer
Transmissivity IDNR 1 Point

Shapefile 1:24,000 2011 Conductivity

1 IDNR: Indiana Department of Natural Resources; 2 NCDC: National Climate Data Center; 3 MRLC:
Multi-Resolution Land Characteristics Consortium; 4 USGS: U.S. Geological Survey; 5 SSURGO: Soil Survey
Geographic Database; 6 NRCS: Natural Resources Conservation Service; 7 IGS: Indiana Geological Survey.

2.4. Nitrate Measurements

To calibrate the DRASTIC index map, nitrate concentration was selected as the contaminant
parameter. Nitrate levels in groundwater under natural conditions are typically less than 2 ppm in
Indiana. Nitrate detection >2 ppm has been assumed to be caused by human activities. Thus, a threshold
value of background concentration was set at 2 ppm in this study [16]. One hundred sixteen wells
(116 out of total 678 wells) (Figure 2) with nitrate levels >2 ppm (>2 mg/L) were selected to calibrate
and validate estimated high aquifer vulnerability areas. Nitrate levels vary from 0.1 to 18.3 mg/L with
an average of 1.2 mg/L in the study area.

Water 2017, 9, 792  5 of 20 

 

In this study, most data for DRASTIC ver.2015 are at 1:24,000 scale (Table 1), unlike the 1:250,000 
scale data for DRASTIC ver.1996. The data include water table depth, precipitation, 
evapotranspiration, LULC, aquifer systems, SSURGO used to produce recharge, soil media, and 
topography layers, lithology, and aquifer transmissivity data (Table 1). 

Table 1. Data used for creating DRASTIC input data. 

Data Type Source Format Scale Date Used to Produce

Water well IDNR 1 
Point 

Shapefile 
1:24,000 1959–2010 Depth to water 

Annual Precipitation NCDC 2 Tabular data - 1949–2013 Recharge 
LULC MRLC 3 Raster 1:250,000 2006 Recharge 

Aquifer 
Systems 

USGS 4 
Polygon 
Shapefile 

Text 
1:48,000 2003–2011 Aquifer media 

SSURGO 5 NRCS 6 
Polygon 
Shapefile 

1:12,000 2005 
Recharge 

Soil media 
Topography 

iLITH data IGS 7 
Point 

Shapefile 
1:24,000 2001 Impact of vadose 

Aquifer  
Transmissivity 

IDNR 1 
Point 

Shapefile 
1:24,000 2011 Conductivity 

1 IDNR: Indiana Department of Natural Resources; 2 NCDC: National Climate Data Center; 3 MRLC: 
Multi-Resolution Land Characteristics Consortium; 4 USGS: U.S. Geological Survey; 5 SSURGO: Soil 
Survey Geographic Database; 6 NRCS: Natural Resources Conservation Service; 7 IGS: Indiana 
Geological Survey. 

2.4. Nitrate Measurements 

To calibrate the DRASTIC index map, nitrate concentration was selected as the contaminant 
parameter. Nitrate levels in groundwater under natural conditions are typically less than 2 ppm in 
Indiana. Nitrate detection >2 ppm has been assumed to be caused by human activities. Thus, a 
threshold value of background concentration was set at 2 ppm in this study [16]. One hundred sixteen 
wells (116 out of total 678 wells) (Figure 2) with nitrate levels >2 ppm (>2 mg/L) were selected to 
calibrate and validate estimated high aquifer vulnerability areas. Nitrate levels vary from 0.1 to 18.3 
mg/L with an average of 1.2 mg/L in the study area. 

 
Figure 2. Nitrate concentration samples in wells in the Upper White River Watershed (UWRW).



Water 2017, 9, 792 6 of 20

2.5. Aquifer Vulnerability Mapping Using DRASTIC

Methods described below were used for DRASTIC to create an aquifer vulnerability map.
The seven map layers (Table 2), representing the seven parameters of DRASTIC, were prepared
for the UWRW. DRASTIC ratings and weights were assigned to each map according to DRASTIC
standards [36]. Then, weights were modified to reflect local characteristics for aquifer vulnerability
maps. Finally, model calibration was conducted (Figure 3).

Table 2. Description of DRASTIC parameters and DRASTIC original weights.

DRASTIC Parameters Description Original Weight

Depth to water (D) Depth from the ground surface to the water table.
Deeper water table levels imply lesser contamination chances. 5

Recharge (R) Amount of water entering the aquifer. The amount of
recharge is positively correlated with the vulnerability rating. 4

Aquifer media (A)
Material property of the saturated zone, which controls

pollutant attenuation processes based on the permeability
of each layer of media.

3

Soil media (S) Soil media affects contaminant transport and water
from soil surface to the aquifer. 2

Topography (T) Slope of the land surface. For low slope, contaminant is less
likely to become runoff and more likely to infiltrate. 1

Impact of vadose zone
media (I)

Vadose zone is the typical soil horizon above the water table and
below the ground surface. If vadose zone is highly permeable,

this will lead to a high vulnerability rating.
5

Hydraulic conductivity (C)
Hydraulic conductivity represents the ability of the aquifer to
transmit water. Hydraulic conductivity is positively correlated

with the vulnerability rating.
3
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Aquifer vulnerability indices were divided into five classes (“Very low”, “Low”, “Moderate”,
“High”, and “Very high” vulnerability classes) by normalization of DRASTIC indices using Equation
(2). Feature scaling (data normalization) is a method used to standardize the range of independent
variables (min = 0, max = 1). It is generally utilized during data preprocessing. The map resolutions of
previous DRASTIC aquifer vulnerability maps usually are crude. In addition, DRASTIC parameters
were optimized to adjust DRASTIC weights with a binary classifier calibration method with GA
(hereafter referred to as Bi-GA). More description of Bi-GA is in Section 2.6.

The aquifer vulnerability map was created by combining the seven map layers after multiplying
each map layer with its theoretical ratings and weights (Equation (1)). Then, calibration for DRASTIC
weights was carried out. Two DRASTIC result maps with no calibration and calibration with Bi-GA
had different ranges of DRASTIC vulnerability indices because different weight values were applied
for each DRASTIC result map. Finally, optimized high resolution aquifer vulnerability predictions
with calibrated DRASTIC weights were generated using the GIS spatial analyst tool.

x′ =
x−min(x)

max(x)−min(x)
(2)

where x′ is the normalized value and x is the original value.

2.5.1. Depth to Water

High spatial resolution long-term static water level data in wells (1990–2008 years) were utilized
to obtain the “Depth to water” (D) map and interpolation was required. Minimum, maximum, and
average depths to water are 3.1 m, 167.6 m, and 10.6 m, respectively. Kriging interpolation was used
because this method is an effective way to interpolate a limited number of observations for hydrologic
properties, such as rainfall, aquifer characteristics, effective recharge and to preserve the theoretical
spatial correlation [37]. Then, interpolated data were reclassified into ratings according to Appendix A
Table A1.

2.5.2. Recharge

Land uses/land covers (LULCs) and soils are sensitive parameters in calculating the amount
of recharge. To consider regional LULC and soil characteristics, the Soil Conservation Service (SCS)
runoff curve number (CN) method was used to estimate potential recharge with precipitation, soils
and LULCs [38,39]. Potential recharge was computed as precipitation minus surface runoff which is
determined by the SCS-CN method. Potential recharge estimated in this study may not reflect the
actual amount of recharge but rather indicates possible recharge rate. Estimation of potential recharge
(potential infiltration rate) ignored evapotranspiration (ET) because ET occurs after infiltration. Thus,
even though there is a limitation in ignoring ET when calculating potential recharge, this approach for
estimating potential recharge has been used in DRASTIC [38–41]. Precipitation data from National
Climate Data Center (NCDC), LULC data from National Land Cover Database (NLCD) and soil data
(SSURGO) from Natural Resources Conservation Service (NRCS) were used to produce a potential
recharge map using the SCS-CN method (Equation (3)). Then, a DRASTIC rating for annual potential
recharge was determined using Table A1 [40,41]. When detailed recharge estimation is needed for
small areas with DRASTIC, the approach to estimating recharge suggested in this study would be
more useful than other studies [13,17], which calculates the amount of recharge using only two LULC
classes (e.g., urban and remaining areas).

Q =
(P− 0.2S)2

P + 0.8S
(When P > Ia) (3)

Ia = 0.2S
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S =
25, 400

CN
− 254

where

Qi: Depth of runoff (mm);
P: Depth of rainfall (mm);
Ia: Initial abstraction (mm);
S: Maximum potential retention (mm); and
CN: Curve number (dimensionless).

2.5.3. Aquifer Media

An “Aquifer media” (A) map was created using the aquifer systems map and report by the U.S.
Geological Survey (USGS) and the Indiana Department of Natural Resources (IDNR). Most aquifer
media in the study area were sand and gravel, but, based on the INDR reports, an aquifer media
rating was assigned in more detail [42]. IDNR reports of counties in Indiana described vulnerability
of each aquifer system such as “very high susceptibility to surface contamination (very high)”,
“highly susceptible to surface contamination (high)”, “moderately susceptible to surface contamination
(moderate)”, “low susceptibility to surface contamination (low)”, and “very low susceptibility to
surface contamination (very low)”. Vulnerability ratings were divided into five levels (very high = 10,
high = 8, moderate = 6, low = 4, and very low = 2). Then, modified reclassification of ratings was
conducted as shown in Table 3.

Table 3. Typical and modified ranges and ratings of aquifer media (A).

Aquifer Media

Range Rating (Typical) Vulnerability (IDNR Report) Rating (Modified)

Karst limestone 10 Very high 10

Basalt 9 High 8

Sand and gravel 8 Moderate 6

Massive sandstone
Massive limestone 7 Low 4

Bedded sandstone
Limestone

Shale
6 Very Low 2

Glacial till 5

Weathered metamorphic 4

Metamorphic
Igneous 3

Massive shale 2

2.5.4. Soil Media and Topography

“Soil media” (S) and “Topography” (T) maps were obtained through SSURGO data from
USDA-NRCS instead of STATSGO data often used. The map scale of SSURGO data is 1:12,000, whereas
STATSGO is 1:250,000. Of many fields of the SSURGO table, “MUNAME” is needed to analyze
DRASTIC S and required information is a soil type (e.g., loam, silt loam, and sandy loam). However, a
MUNAME field in the original SSURGO table describes detailed soil type such as “Martinsville loam,
1 to 5 percent slopes”, “Jasper silt loam, 1 to 5 percent slopes”. This detailed information is unnecessary
for DRASTIC ratings, because extracting only soil type of a number of fields is time-consuming.
Therefore, a database to produce DRASTIC S was constructed using GIS and Python programming,
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and DRASTIC S and T maps were generated using a modified SSURGO data table. The S and T maps
have ratings as described in Table A1.

2.5.5. Impact of Vadose Zone Media

“Impact of vadose zone media” (I) map was estimated using sand, silt, and clay thickness point
data within lithology data from IDNR. Kriging interpolation was used to estimate unknown areas
with known data points, and DRASTIC ratings were assigned according to Table A1.

2.5.6. Hydraulic Conductivity

The “Hydraulic Conductivity” (C) map (Equation (4)) was calculated with high resolution
transmissivity (1:24,000) and saturated thickness data from IDNR based on hydrogeological settings.
The C map was then reclassified into ranges and assigned ratings from 1 to 10 according to Table A1.
Regions with higher hydraulic conductivity have a greater possibility of contamination.

Hydraulic conductivity (m/s) = Transmissivity (m2/s)/Thickness of aquifer (m) (4)

2.6. Model Calibration and Validation

Probabilistic predictive or decision-making models (i.e., DRASTIC and SEEPAGE) need
pre-processing prior to calibration with observed data because results of probabilistic predictive
or decision-making models have different scale or format than observed data that are used for model
calibration [43,44]. Thus, in this study, a binary classifier calibration method was combined with
a genetic algorithm (Bi-GA) and used for calibration of DRASTIC weights. In the binary classifier
calibration, results of model and observed data are classified as 0 or 1. DRASTIC produces five
vulnerability classes (i.e., very high, high, moderate, low, and very low). This study classified very high
and high vulnerability classes as 1 and other classes as 0. In addition, observed nitrate concentrations
over 2 ppm and below 2 ppm in wells are assigned as 1 and 0, respectively, because nitrate detections
>2 ppm were used in DRASTIC calibration.

Bi-GA was utilized for calibration of DRASTIC weights using Heidelberg University and USGS
groundwater quality data which are mean nitrate concentration data from 81 wells with nitrate levels
>2 ppm, which is the threshold value for the background concentration level of nitrate. Calibration
with Bi-GA was conducted to improve the performance of the DRASTIC model. Original DRASTIC
weights vary from 1 to 5 (Table 2). Based on original DRASTIC weights, Depth to water (D) and Impact
of vadose zone (I) are the most sensitive parameters, and the second most sensitive parameter is
Recharge (R) in assessing an aquifer vulnerability. However, in many studies using DRASTIC, original
relationships of DRASTIC weights between the seven map layers have been ignored in the calibration
process. For this study, even though calibrated DRASTIC weights were different from original values,
the ratio of DRASTIC weights (5 (D), 4 (R), 3 (A), 2 (S), 1 (T), 5 (I), and 3 (C)) was maintained. The Bi-GA
modified the ratio of DRASTIC weights based on calibrated weights with Bi-GA, and there are weight
boundaries which are ±1 from original DRASTIC weights. For instance, maximum and minimum
weight values of D are 6 and 4. Based on calibrated weights by the Bi-GA which ignored the original
DRASTIC weight relationships between the seven map layers, new calibrated weights which consider
the ratio of DRASTIC weights (5 (D), 4 (R), 3 (A), 2 (S), 1 (T), 5 (I), and 3 (C)) were generated by: (1) no
calibration; and (2) calibration with Bi-GA. Root mean square error (RMSE) was used to evaluate the
effectiveness of the Bi-GA and its ability to make predictions in the calibration procedure. Lower
RMSE values indicate a better fit. RMSE is a statistical measure of how accurately the model predicts
observed nitrate over 2 ppm. In the calibration process, GA was used to minimize RMSE by adjusting
DRASTIC weights (Equation (5)). The GA driving variables used in this study are shown in Table 4.

An accuracy assessment error matrix was computed to validate the results using 35 wells with
nitrate levels >2 ppm following calibration using Bi-GA. Using an accuracy assessment error matrix,
spatial patterns in success (detections of nitrate concentration in wells over 2 ppm) and failure
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(detections of nitrate concentration in wells under 2 ppm) of DRASTIC prediction were analyzed with
a total accuracy measure.

RMSE =

√√√√√ n
∑

i=1
(Si −Oi)

2

n
(5)

where

Si: Simulated nitrate concentration DRASTIC binary value; and
Oi: Observed nitrate concentration binary value.

Table 4. Driving variables in Genetic Algorithm (GA) for DRASTIC parameter optimization.

GA Driving Variables Values

Population size 100
Max generation 10,000

Initial random value 1000
Min. value of parameters 0
Max. value of parameters 6

Crossover probability 0.5
Mutation probability 0.02

2.7. Evaluation for Potential Groundwater Monitoring Sites

Hotspot analysis using the Getis–Ord Gi* (Gi*) [45,46] was applied to select potential groundwater
monitoring sites. This method works by examining each feature (each grid cell) within the context
of neighboring features. If a feature has a high value (high DRASTIC vulnerability index) and is
surrounded by other features with high values, this feature is defined as a hotspot with statistical
significance. The Gi* statistic returned for each feature in the dataset is a z-score. For statistically
significant positive z-scores, the larger the z-score, the more intense the clustering of high values
(hotspot) [47]. Thus, potential groundwater monitoring sites (where aquifer may be the most vulnerable
to contamination) would be found based on the z-score with statistical significance. The hotspot
analysis using the Gi* statistic was conducted using Equations (6)–(8) with the GIS spatial analyst tool.

Gi∗ =

n
∑

j=1
wi,jxj − X

n
∑

j=1
wi,j

S

√√√√n
n
∑

j=1
w2

i,j−
(

n
∑

j=1
wi,j

)2


n−1

(6)

X =

n
∑

j=1
xj

n
(7)

S =

√√√√√ n
∑

j=1
x2

j

n
− (X)2 (8)

where

Gi∗: Getis–Ord local statistic;
xj: Attribute value for feature j;
wi,j: Spatial weight between feature i and j; and

n: Total number of features.
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3. Results and Discussion

3.1. Calibration and Validation of DRASTIC Weights

As shown in Table 5, RMSE for aquifer vulnerability without calibration was 0.70. The RMSE for
aquifer vulnerability with calibrated DRASTIC parameters using Bi-GA was 0.57. RMSE for Bi-GA
might be decreased (the lower RMSE, the better performance) because calibrated DRASTIC weights
using Bi-GA maintained the ratios of original DRASTIC weights. Previous studies did not maintain the
ratios of original DRASTIC weights to improve just performance evaluation of DRASTIC. However, if
the ratios of original DRASTIC weights are not maintained, the number of degrees of freedom of the
DRASTIC index (result scores for aquifer vulnerability) would be increased by calibrating DRASTIC
weights. Further, physical properties for aquifer vulnerability could potentially be ignored.

For validation of the results by using Bi-GA, accuracy assessment was computed with 35 wells
with nitrate levels > 2 ppm. As shown in the Table 6, total accuracies of uncalibrated DRASTIC and
calibrated DRASTIC were 34% (=12/35) and 46% (=16/35), respectively. Thus, the results of accuracy
assessment indicate calibrated DRASTIC predicted aquifer vulnerability areas contaminated by human
activities more accurately than uncalibrated DRASTIC.

DRASTIC, an overlay and index GIS model, does not compute nitrate concentrations in aquifers,
rather it predicts aquifer vulnerability classes from very high vulnerability to very low vulnerability.
This study assumed nitrate concentrations greater than 2 ppm were caused by human activities
and over 2 ppm of nitrate concentrations should typically be detected in “High” and “Very high”
vulnerability classes. Thus, the greater the proportion of nitrate detections >2 ppm in “High” and
“Very high” vulnerability areas, the better the prediction of aquifer vulnerability. If “High” and “Very
high” vulnerability areas as a percentage are larger than number of nitrate detections >2 ppm as a
percentage, the model performance should be regarded as poor, which would be overestimated by
DRASTIC. This is captured in the concept of a detection ratio (percent of nitrate detections >2 ppm to
percent of “Very high” and “High” vulnerability areas) with larger detection ratios indicating better
prediction used to evaluate model performance in this study.

Table 5. Calibrated DRASTIC weights using Bi-GA for better prediction of aquifer vulnerability.

Calibration Methods D R A S T I C RMSE

No calibration 5 4 3 2 1 5 3 0.70
Bi-GA 1 5.7 4.3 3 1.6 0.7 5.4 2.8 0.57

1 Bi-GA: Binary classifier calibration with genetic algorithm.

Table 6. Error matrix to validate uncalibrated and calibrated DRASTIC.

Uncalibrated DRASTIC Calibrated DRASTIC

Reference Data Reference Data

Classification

>2 ppm >2 ppm

Very high + high 1

(>2 ppm)
12 Very high + high 1

(>2 ppm)
16

Others 2

(≤2 ppm)
23 Others 2

(≤2 ppm)
19

1 Very high + high vulnerability areas; 2 Moderate + low + very low vulnerability areas.

3.2. Aquifer Vulnerability Mapping

An aquifer vulnerability map without calibrating DRASTIC weights was created using DRASTIC
(Figure 4a). Aquifer vulnerability indices were classified into five classes: 0–0.2 (“Very low”),
0.2–0.4 (“Low”), 0.4–0.6 (“Moderate”), 0.6–0.8 (“High”), and 0.8–1.0 (“Very high”). As shown in Figure 4a
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and Table 7, 10.6% of the aquifer systems in the UWRW were within in “Very low” vulnerability class,
and 60.4% of the area was estimated as “Low”, 25.8% within “Moderate” vulnerability class, 3.0%
within “High” vulnerability class, and 0.2% within “Very high” vulnerability class.

The aquifer vulnerability results (Table 7) without calibration of DRASTIC weights were validated
with the observed nitrate concentrations in wells. The results showed that approximately 35.3% of
nitrate detections >2 ppm were within “High” and “Very high” vulnerability areas (represent 3.2% of
vulnerability area) as simulated by DRASTIC. Moreover, 60.3% of the nitrate detections were within
the “Moderate” vulnerability class (25.8% of area), 3.4% of the nitrate detections were within the
“Low” vulnerability class (60.4% of area), and 0.9% of the nitrate detections were within the “Low”
vulnerability class (10.6% of area) (Table 7).
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An aquifer vulnerability map with calibrated DRASTIC using Bi-GA was produced (Figure 4b).
As shown in Figure 4b and Table 8, 9.6% of the aquifer systems in the UWRW was within the “Very
low” vulnerability class, and 60.1% of the area was estimated as “Low”, 26.9% within the “Moderate”
vulnerability class, 3.2% within the “High” vulnerability class, and 0.2% within the “Very high”
vulnerability class.

The aquifer vulnerability results (Table 8) from calibrated DRASTIC were validated with the
well database. The results showed that approximately 42.2% of nitrate detections >2 ppm were
within “High” and “Very high” vulnerability areas (represent 3.4% of vulnerability area) as simulated
by DRASTIC. Moreover, 53.4% of the nitrate detections were within the “Moderate” vulnerability
class (26.9% of area), and 4.3% of the nitrate detections were within the “Low” vulnerability class
(60.1% of area). In aquifer vulnerability assessment, nitrates in wells >2 ppm were not detected
within the “Very low” vulnerability class (9.6% of area) (Table 8). These results indicated that aquifer
vulnerability assessment using DRASTIC with Bi-GA better predicted nitrate detections than DRASTIC
without calibration.

Very high and high vulnerability areas were located along the stream and river because those
areas include highly permeable alluvium, sand, and gravel. Further, depth to water is shallow and the
vadose zone media includes gravel, sand, and peat. According to the land use map, very high and
high vulnerability classes include areas that are mainly near streams, agricultural fields, and urban
areas because fertilizer and urban organic wastes from these areas infiltrate toward aquifers. Based
on the topography map, very high and high vulnerability classes are mainly observed in lowland
areas where it is common to find agricultural lands that receive fertilizers and urban complexes that
contribute in various ways to pollution.

This study assumed that nitrate concentrations in wells >2 ppm should have not been detected in
“Low” and “Very low” vulnerability areas. However, five nitrate concentrations in wells >2 ppm (4.3%
of total nitrate detections >2 ppm) were found in “Low” and “Very low” vulnerability areas. Four
main reasons (groundwater age, point sources, wells that have failed, and groundwater flow) explain
why detections may have occurred in “Low” and “Very low” vulnerability areas as these factors are
not considered in DRASTIC.

Table 7. Vulnerability areas (%) and number of nitrate detections >2 ppm without calibration.

Class Area (%) Number of Nitrate Detections >2 ppm

Very low 10.6 1 (0.9%)
Low 60.4 4 (3.4%)

Moderate 25.8 70 (60.3%)
High 3.0 34 (29.3%)

Very high 0.2 7 (6%)

Table 8. Vulnerability areas (%) and number of nitrate detections >2 ppm with calibration.

Class Area (%) Number of Nitrate Detections >2 ppm

Very low 9.6 0 (0%)
Low 60.1 5 (4.3%)

Moderate 26.9 62 (53.4%)
High 3.2 42 (36.2%)

Very high 0.2 7 (6%)

GIS-based overlay and index models such as DRASTIC can be affected by data resolution and
accuracy [48]. Navulur [16] used three models (i.e., DRASTIC, SEEPAGE, and combined DRASTIC and
NLEAP (Nitrate Leaching and Economic Analysis)) to estimate aquifer vulnerability of groundwater
systems in Indiana using a GIS environment at a 1:250,000 scale. The data scale used in Navulur’s [16]
study was coarse (1:250,000) for field scale simulations. However, in this study, high resolution
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data (1:24,000) were used by data preprocessing of recharge (R), aquifer media (A), soil media (S),
topography (T), and impact of vadose zone media (I) maps.

As shown in Navulur’s [16] results for all of Indiana, the result of DRASTIC shows 80.7% of
nitrate detections in wells >2 ppm are within “High” and “Very high” vulnerability areas (represent
24.8% of area) as predicted by DRASTIC. For SEEPAGE, 60.5% of nitrate detections in wells >2 ppm
are within “High” and “Very high” vulnerability areas (28.6% of area). The result of the combined
DRASTIC and NLEAP indicate 91.8% of nitrate detections in wells >2 ppm are within “High” and
“Very high” vulnerability areas (56.9% of area).

Compared with Navulur’s [16] study, the results presented herein had approximately 42.2% of
nitrate detections in wells >2 ppm within “High” and “Very high” (3.4% of area) vulnerability areas
as predicted by DRASTIC with high resolution data. Detection ratio (% of nitrate detections to %
of vulnerability areas with larger detection ratio indicating better prediction) for “High” and “Very
high” areas from Navulur’s [16] study results in a value of 3.3 for DRASTIC, 2.1 for SEEPAGE, and 1.6
for the combined DRASTIC and NLEAP. In contrast to the three models from Navulur’s [16] results,
the results presented herein provide a value of 12.4. Thus, the detection ratio results indicate that
DRASTIC with high resolution data may estimate areas of “High” and “Very high” vulnerability
classes more accurately than models with coarse resolution data (Table 9).

Table 9. Comparison of detection ratio between previous and current study.

Navulur (1996)

DRASTIC SEEPAGE Combined DL 1 DRASTIC 2

HV-Area 3 (%) 24.8 28.6 56.9 3.4
N-Detections 4 (%) 80.7 60.5 91.8 42.2

Detection Ratio 3.3 2.1 1.6 12.4
1 Combined DRASTIC and NLEAP; 2 Results from this study; 3 “High” and “Very high” vulnerability areas;
4 Percentage of nitrate detections.

3.3. Potential Groundwater Monitoring and Management Sites

The Gi* statistic method was used to determine potential groundwater monitoring and
management sites. Three ranges of z-scores (1.65–1.96, 1.96–2.58, and >2.58) indicate potential
groundwater monitoring and management sites (hotspots). Hotspots were predicted based on the
z-score with statistical significance using the Gi* statistic method. The Gi* statistic method identifies
statistically significant spatial clusters of high values (high vulnerability areas) and low values (low
vulnerability areas). The Gi* statistic method returns a z-score and the higher the z-score, the stronger
the intensity of the clustering.

In Table 10 and Figure 5, z-scores of hotspot analysis maps to identify potential groundwater
monitoring sites were estimated using calibrated DRASTIC by Bi-GA. Higher z-scores and red color
(potential vulnerability areas) in the maps (Table 10 and Figure 5) indicate hotspots which suggest
priority areas for groundwater monitoring and management. The portion of the study area with
a z-score ≥ 1.65 for Bi-GA is 19.9% (percentage of study area, 6944 km2), suggesting areas where
groundwater monitoring and BMPs for groundwater quality might be considered. In Figure 5, hotspot
areas (z-score ≥ 1.65) were located along the stream and river because those areas include highly
permeable alluvium, sand, and gravel. Further, depth to water is shallow. These areas would be
priorities for groundwater protection.
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Table 10. Results of hotspot analysis using Gi* statistic method.

Calibration Methods
Potential Groundwater Monitoring and Management Sites (%)

Z-Scores

1.65–1.96 1.96–2.58 >2.58

Bi-GA 3.4 5.6 10.9
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4. Conclusions

Aquifer vulnerability assessment was conducted with improved high resolution data and
optimized DRASTIC parameters by modifying DRASTIC weights using Bi-GA. Simulated results to
explore the most vulnerable aquifer areas estimated by DRASTIC were compared with Heidelberg
University and USGS groundwater quality data (nitrate concentrations in wells) (1949–2010) in
the UWRW, Indiana. Aquifer vulnerability indices from improved DRASTIC were compared with
observed groundwater quality data to explore how well simulated results predict observed nitrate
data >2 ppm. RMSE without calibration was 0.70, and RMSE with calibrating DRASTIC weights with
Bi-GA was 0.57.

An accuracy assessment error matrix was computed for spatial validation of the calibrated
DRASTIC by using Bi-GA. Total accuracies of uncalibrated DRASTIC and calibrated DRASTIC were
34% and 46%, respectively. Thus, the results of accuracy assessment indicate calibrated DRASTIC using
Bi-GA predicted aquifer vulnerability areas were more accurate than DRASTIC without calibration.

The aquifer vulnerability results from DRASTIC using Bi-GA were validated with a well database.
The results showed that approximately 42.2% of nitrate detections >2 ppm are within “High” and
“Very high” vulnerability areas (represent 3.4% of vulnerability area) as estimated by DRASTIC.
Moreover, 53.4% of the nitrate detections were within the “Moderate” vulnerability class (26.9% of
area), and 4.3% of the nitrate detections were within the “Low” vulnerability class (60.1% of area).
In aquifer vulnerability assessment, nitrates in wells >2 ppm were not detected within the “Very low”



Water 2017, 9, 792 16 of 20

vulnerability class (9.6% of area). Aquifer vulnerability assessment using calibration with Bi-GA better
predicted nitrate detections than DRASTIC without calibration.

The selection of potential monitoring locations and areas where groundwater protection should
be focused was determined based on the Gi* statistic method. A portion of z-score over 1.65 by
Bi-GA is 19.9% (represents percentage area of total study area, 6944 km2), indicating these are areas
where groundwater monitoring and BMPs for groundwater quality protection should be focused.
Hotspot areas (z-score ≥ 1.65) were seen along the stream and river because those areas include high
permeability of alluvium, sand, and gravel. Further, depth to water is shallow. These areas would be
priorities for groundwater protection.

The results of this type of study can be used in managing groundwater resources by policy makers,
natural resources protection practitioners, and groundwater-related researchers. It also can be used as
a screening tool prior to applying complex numerical groundwater models for more detailed analysis.
Moreover, it is expected that better parameterization of DRASTIC input data related to aquifer systems
will improve aquifer vulnerability assessment and be applicable to other locations in the Midwestern,
United States.

DRASTIC is not a numerical model to compute nitrate concentrations in aquifers but to predict
aquifer vulnerability classes from very high vulnerability to very low vulnerability with hydrogeological
settings. Thus, this study developed a new calibration method (Bi-GA) and new evaluation criteria of
model performance called “detection ratio” for more accurate aquifer vulnerability assessment. Based
on this study, we suggest that Bi-GA and the detection ratio would be an appropriate calibration method
for DRASTIC and may improve model performance for those who use an overlay and index model.

This study has several limitations that could be addressed in future studies.

(1) About 79% of land uses (45.5% agricultural and 23.5% urban areas) are human-related areas, and
most human-related areas cover very high and high vulnerability classes. Thus, DRASTIC in this
study describes human impact. For more accurate estimation of human impact by DRASTIC or
other overlay and index models, more human-impact-related factors such as land use, population
density, and point sources should be considered as input data.

(2) For a detailed vulnerability assessment, the aquifer vulnerability analysis of DRASTIC would
need to be combined with predictive models for pollutant transport. This combination is required
to evaluate the actual quantitative risk. For example, models such as SWAT which can estimate
pollutant transport could be combined with DRASTIC. Further, pollutant transport should be
considered beyond that on the land surface and consider subsurface transport. To do this, more
detailed soil data that describe various soil components for the surface and subsurface soil layers
should be used for future study.

(3) The aquifer vulnerability index is a combination of data. Further, there are many pre-processes
and post-processes to generate an aquifer vulnerability index. Thus, an aquifer vulnerability
index includes some degree of uncertainty which might come from data, data processing errors
by the modeler, and model structure. Future work would benefit from quantification of errors
when using an overlay and index model.
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Appendix A

Table A1. Typical DRASTIC ranges and ratings.

Depth to Water (m)

Range Rating

0–1.5 10
1.5–4.6 9
4.6–6.8 8
6.8–9.1 7
9.1–12.1 6

12.1–15.2 5
15.2–22.9 4
22.9–26.7 3
26.7–30.5 2

30.5+ 1

Net Recharge (mm/year)

Range Rating

254+ 10
235–254 9
216–235 8
178–216 7

147.6–178 6
117.2–147.6 5
91.8–117.2 4
71.4–91.8 3
51–71.4 2

0–51 1

Aquifer Media

Range Rating

Karst limestone 10
Basalt 9

Sand and gravel 8
Massive sandstone
Massive limestone

7
7

Bedded sandstone
Limestone

6
6

Glacial till 5
Weathered metamorphic igneous 4

Metamorphic igneous 3
Massive shale 2

Soil Media

Range Rating

Thin or absent/Gravel 10
Sand 9
Peat 8

Shrinking clay 7
Loamy sand 6
Sandy loam 6

Loam 5
Sandy clay 4

Sandy clay loam 4
Silt loam 4
Silty clay 3
Clay loam 3

Silty clay loam 3
Muck 2

Non-shrinking clay 1
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Table A1. Cont.

Topography (%)

Range Rating

0–2 10
2–6 9
6–12 5

12–18 3
18+ 1

Vadose Zone Media

Range Rating

Thin or absent/Gravel 10
Sand 9
Peat 8

Shrinking clay 7
Loamy sand 6
Sandy loam 6

Loam 5
Sandy clay 4

Sandy clay loam 4
Silt loam 4
Silty clay 3
Clay loam 3

Silty clay loam 3
Muck 2

Non-shrinking clay 1

Hydraulic Conductivity (m/s)

Range Rating

0.00095+ 10
0.0005–0.00095 8
0.00033–0.0005 6
0.00015–0.00033 4
0.00005–0.00015 2

0.00000015–0.00005 1
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