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ABSTRACT:

Contamination of heavy metals in ground water wells need to be reviewed
and determination of the spatial distribution of the emissions are inevitable. For this
purpose, the use of geostatistical techniques are very practical. In this study, to
examine the spatial distribution of emissions of heavy metals, chromium, cadmium
and lead in drinking water wells in the rural area of Meshkinshahr in high water and
low water periods, different geostatistical methods were used. In this research, eight
different interpolation algorithms were used in GIS and the most efficient algorithm to
select the least square error function and maps related to the spatial distribution of
heavy metals were drawn. The results showed that Kriging algorithm is the most
optimal interpolation algorithm for groundwater data.
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INTRODUCTION

Supplying the world's growing population and
food security due to limited land resources so that they
have the least effect on the environment is considered as
one of the most important issues. Increasing industrial
activities associated with the production of pollutants
including heavy metals are one of the developing and
serious problem faced by human beings now. There are
two sources for contamination of heavy metals in the
soil: natural resources and human resources. Important
human sources for entering heavy metals in soil and
water include mining, manufacturing, transportation,
furnace burning waste and using fertilizer and agricul-
tural chemical pesticides. The emissions from volca-
noes, degassing processes in the earth's crust, forest
fires or chemical composition of parent material can be
of natural resources entering in the soil (Hansen et al.,
2002; Hutton and Meeus, 2001; Yalcin et al., 2007;
Lado et al., 2008).

The use of fertilizers and chemicals in agricul-
ture has led to an increase in the concentration of heavy
metals such as chromium, cobalt, cadmium, lead, cop-
per and zinc and increased the concentration of heavy
metals in these regions (Lado ef al., 2008). Heavy metal
contamination not only directly effects on soil physical
and chemical properties, reduction of biological activity
and biological availability of soil nutrients, but also is a
serious risk to human health by entering the food chain
and environmental security by penetration into ground-
water (Boisson et al., 1999). Most studies on heavy met-
al contamination such as heavy metals environmental
impact assessment starts by determining their spatial
distribution (Cattle et al., 2002). Because of the high
variance of the environmental data many researchers
face issues related to the better evaluation of these data.

In this context, the need to use advanced statisti-
cal methods is necessary. Due to the location and extent
of the problems associated with samples collected to

determine contaminated areas and areas exposed to pol-

lution, the use of geostatistical methods are very useful
(Jiachun et al., 2007). Geostatistical methods are useful
tools for analyzing the continuous data in terms of time
and space. Interpolated methods using geostatistics have
some advantages compared to the conventional interpo-
lation techniques such as inverse distance weighting or
levels of Legendre polynomials (Journel, 1986).

Geostatistical science is one of the most accu-
rate methods that in addition to description of the spa-
tial and temporal data, it can make contamination quan-
titative data map with minimum variance (Boisson et
al., 1999). These methods can provide some of the spa-
tial concentration of elements (Boisson et al., 1999;
Bowen, 1979). The interpolation method is widely used
in mapping and estimating the concentration of heavy
metals in areas that have not been sampled (Xie et al.,
2011). Kriging methods have been proposed for deter-
mining the spatial distribution of heavy metals, as well
as the high potential interpolation method for preparing
maps of pollutants (Juang et al., 2001).

There are several studies in different countries
for interpolation, to determine the spatial distribution of
heavy metals in the soil there. Lado et al. (2008) per-
formed modeling for the distribution of eight heavy
metals (arsenic, cadmium, chromium, copper, mercury,
nickel, lead and zinc) in the surface soil of Europe with
1588 ground reference samples and kriging - regression
method. Jiachun et al. (2007) determined the spatial
variation of Hg, Cd, Pb, Cu, As, Cr in Zhyjang province
of China by analyzing 655 soil samples. They used geo-
statistical techniques and applied them to the log normal
kriging and ordinary kriging GIS for mapping As, Cu,
Pb and Hg (Juang et al., 2001).

Also Rodriguez et al. (2009) in their study used
geostatistics to map the distribution of heavy metal con-
centration. Faiz et al. (2009) investigated the spatial
variability of soil Pb and Ni around industrial poles in
the center of Isfahan using geostatistical methods. The

mass balance modeling of cadmium and lead in the
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arable field of Esfahan was also studied. Therefore, the
use of geostatistics in addition to describing the spatial
and temporal variation is to provide contamination
quantitative data map with minimal variance.

These methods are able to quantify the spatial
distribution of elements. Mei et al. (2005) investigated
lead, zinc, cadmium, copper and chromium in the region
of Hangzing in China and used ordinary kriging and
kriging normal log to provide pollution map in the re-
gion. They reported that the most important cause of the
pollution in the area is human interference and industrial
activities. Chen et al. (2008) determined the origin of
heavy elements in the Hong Zhou residential land using
a combination of multivariate statistics and the geosta-
tistics between the concentrations of heavy metals that
were distinguished by industrial activities, natural fac-
tors and the soil characteristics.

Fetouani et al. (2008) evaluated soil pollution
around the busy highways in Islamabad, Pakistan, on
the basis of geostatistics studies. By determining the
concentration of heavy metals such as cadmium, lead,

zine, nickel and copper, they concluded that soil pollu-

tion around the highway for the elements described
above was higher than normal and nearer distance had
more pollution than far distance (Faiz et al., 2009). Lin
et al. (2011) in geostatistics studied about contaminated
elements in different parts of Taiwan agricultural soils
and showed that the use of chemical fertilizers, industri-
al plants and mining activities influenced the addition of
these compounds in soil surface horizons to these areas.
Maps indicating areas contaminated by heavy
metals or at risk of contamination can have important
information in the field of selecting and finding appro-
priate areas for the use of land or clean it for decision
makers. The aim of this study was to determine the spa-
tial distribution of heavy metals like chromium, lead
and cadmium in groundwater wells of Meshkinshahr in
Ardabil using geostatistical methods and techniques of
GIS and to study geological structure and land use ef-
fects on the concentration of these metals in water. The
study area is a major center of Ardabil agriculture and

horticulture (Figure 1).
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Figure 1. The study region
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Table 1. The concentration of heavy metals measured during high and low water season in the drinking

water network of Meshkinshahr

S. No Lead Chromium Cadmium Season Station
(ppm) (ppm) (ppm)
1 0.089 0.013 0.005 Summer Doshanlou
2 0.369 0.52 0.15 Summer
3 0.231 0.011 0.003 Spring Moradlou
4 0.263 0.052 0.018 Summer
5 0.271 0.026 0.011 Spring Ahle Iman
6 0.186 0.034 0.023 Summer
7 0.025 0.098 Nil Spring Barzil
8 0.174 0.039 0.029 Summer
9 0.257 Nil 0.001 Spring Sorkhanlou
10 0.137 0.055 0.014 Summer
11 0.028 0.047 Nil Spring Tazekand
12 0.095 0.058 0.015 Summer
13 0.019 0.005 0.012 Spring Alouj
14 0.141 0.032 0.024 Summer
15 Nil Nil Nil Spring Mouil
16 0.177 0.044 0.014 Summer
17 0.221 Nil 0.025 Spring Nasirabad
18 0.257 0.063 0.017 Summer
19 0.842 0.007 Nil Spring Mazagha
20 0.215 0.019 0.019 Summer
21 0.071 0.005 0.008 Spring Ghasabeh
22 0.066 0.022 0.017 Summer
23 0.583 0.051 Nil Spring Goudeh Kahriz
24 0.031 0.029 0.017 Summer
25 0.014 Nil 0.001 Spring Kourbalagh
26 0.056 0.022 0.021 Summer
27 0.032 0.029 0.027 Spring High
28 0.069 0.044 0.022 Summer
29 0.014 Nil Nil Spring Khourshidabad
30 0.143 0.048 0.024 Summer
31 0.008 0.008 Nil Spring Ounar
32 0.124 0.066 0.006 Summer
33 0.052 0.015 0.002 Spring Kangarlou
34 0.281 0.069 0.019 Summer
35 0.044 0.023 0.004 Spring Meshkinshahr
36 0.077 0.033 0.007 Summer
37 0.012 Nil 0.004 Spring Arjegh
38 0.039 0.049 0.017 Summer
39 0.014 0.005 Nil Spring Doost Beiglou
40 0.123 0.036 0.022 Summer
2820 Journal of Research in Biology (2020) 10(3): 2817-2825
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Table 2. The results of the validation of different interpolation algorithms

MSE

Krisi Krioi Krioi Season Heavy
S.No nsng- fngmgs - ArgME” - ypr RBF GPI IDW metal
universal simple  ordinary
1 0.0301 0.0237 0.0301 0.0281 0.0286  0.026  0.03169 Low water )
) Chromium
2 0.1287 0.1045 0.1287 0.1323  0.1198 0.1261  0.1437  High water
3 0.0086 0.0078 0.0086 0.0094 0.0088 0.0089 0.009 Low water Cadmi
admium
4 0.0373 0.02931 0.0373 0.0376  0.0345 0.0348 0.0422  High water
5 0.2378 0.2135 0.2378 0.2564  0.257  0.2457 0.262 Low water Lead
ea
6 0.1007 0.0877 0.1007 0.1072  0.1022 0.1059 0.1178  High water
MATERIALS AND METHODS sary can be transformed into the lines. Estimates any-

Sampling methods
Interpolation algorithm

Recent advances in spatial statistics and replac-
ing variable region instead of random variables, has
attracted scientists to change quantitative methods in
classical statistics. The development of geographic in-
formation systems in relation to spatial data has caused
many scientists to use new and different interpolation
methods. There are various procedures for survey and
mapping changes in groundwater characteristics that
each of them depend on the area/position, statistics and
data. Early detection and preparing maps of quality
changes and identifying its factors by traditional and
observing methods, is working hard, time-consuming
and costly. One of the best systems is technology, Geo-
graphic Information System (GIS) that was developed
in 1960 in America and Canada.

GIS aspects include groundwater management,
planning, optimized design and analysis of water distri-
bution networks etc. In interpolation methods to pro-
duce maps of changes of nitrate in the study area, we
can point to kriging geostatistical methods, inverse dis-
tance weighting, yield general, radial function and yield
focal. Interpolation methods are the perfect solutions
that are used in estimating non sampled locations.

Interpolation is a process to gain unknown
points by the known. In this method, a surface raster
(continuous) is made using the discrete sample points

that the third dimension of it is sampled, and if neces-

where by any interpolation methods give different re-
sults. Because according to the functions that each of
these methods use, interpolation results are also differ-
ent. On the other hand, all the planning is done on the
basis of the estimates and if the estimate is wrong and
inappropriate to design, it leads to weak and confused
conclusions.
MSE cross validation

To assess the accuracy, the estimation of geosta-
tistical model and interpolation error and determining
the parameters of the study, cross validation technique
was used. In this technique, for each of the measured
points that usually are the only means of comparison, it
could be estimated, then compared with the observed
and estimated payments. Thus, in eliminated validation
method, one point removed by use of other points and
applying the interpolation method, estimation in this
point occurs. Then, this point is returned to its point and
the next point is removed. Similarly assessment is done
to all parts. Estimated values are compared and estima-
tion error is calculated using statistical and standardized
root mean square error models. The lower the value, the

more accurate the model.

s e 0) — 2 )12
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Figure 2. Map of the most optimal algorithm for the heavy metals like cadmium, lead and chromium

RESULTS AND DISCUSSION
Summarized Data

According to the aim of this study, heavy met-
als, including cadmium, chromium, and lead were sam-
pled in underground water resources of Meshkinshahr in
2014 in both high and low water season. The number of
samples were 20 that had a good relative distribution in
the city. Table 1 shows the initial values for heavy met-
als.

The results of the statistical analysis

In order to determine the most optimal interpo-

lation algorithm shown in Table 2, method seven was

used. Table 2 also shows the RMSE for each algorithm.

Mapping of Results

Based on the results obtained from the analysis
of optimum model interpolation values for heavy met-
als, like chromium, cadmium and lead in high and low
water seasons, for each criterion the most optimal algo-
rithm was interpolated and mapped in GIS system,
which is shown in Figure 2.

Optimal management of water resources and
improvement in their quality requires data on the loca-
tion, amount and distribution of chemical agents in a
given geographical area. The aim of this study was to
determine the most appropriate interpolation method to

analyze spatial changes in the size of the heavy metals
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Figure 3. The values of different MSE variables in interpolation methods

like chromium, cadmium and lead in high and low water
season in and Meshkinshahr ground water resources.
For this purpose, methods such as ordinary kriging, sim-
ple kriging, universal kriging, inverse distance
weighting, yield general, radial function, yield were
used. The results showed that among the method used,
simple kriging method at all levels of the heavy metals
like chromium, cadmium and lead in high and low water
had less subject error than other methods and detected
to be the most appropriate algorithm.

The results of this study are consistent with the
results of researchers such as Kresic (1997), Ahmed
(2002), Gaus et al. (2003), Taghizadeh Mehrjardi ef al.
(2008), Barca and Passarella, (2008) and Fetouani et al.
(2008). Researchers with geostatistical methods, such as
simple and ordinary kriging, had suggested a useful tool
in the study of ground water and mapping in various
regions of the world that the results of this study also
indicate their opinion. According to the Table 2 error
values, the inverse distance weighting method, is above
all methods. Among these methods, kriging methods
have the fewest errors. Figure 3 shows MSE index in
different variables in the interpolation methods.
methods are

As observed carefully, all

acceptable but simple kriging method is more accurate

that this area is a plain area, slope is from south to the
north, on this basis. Figure 2 indicates that different
doses of heavy metals in the region and its distribution
is not a function of the slope and topography of the re-
gion and other factors such as the type of substrate, the
characteristics of the power supply, ground cover and
soil texture had the greatest impact. Among the human
factors, human settlements also has a role by building
municipal sewage plants and pollution of surface and
subsurface as well as the use of chemical fertilizers and
various pesticides had more decisive impact on the
structure of the study area’s water. Of course, this can
also be stated that the increase in distance traveled by
water on the way south to the northern plains, can cause
changes in the amounts of heavy metals in different

areas.
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