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Abstract

In order to efficiently manage groundwater resources, determination of the main sampling points is
very important to reduce sample size and save time and cost. Principal Component Analysis (PCA)
is one of the data reduction techniques that has an important role in identifying insignificant data. In
this research, 22 wells of Gonabad plain with a statistical length of 10 years (2007-2016) were used.
In the studied area, the annual average of 11 quality parameters of Ca, Mg, Na, EC, TDS, Cl, SAR,
HCOj3, SO4, TH, pH groundwater was investigated by using this technique to determine the quality
effective wells in the aquifer of this plain. Using PCA, the relative importance of each well was
calculated between 0 (for completely ineffective well) to 1 (for the very effective wells). The results
showed that among the 22 wells in the study area, 7 wells were identified as the quality effective
wells of Gonabad plain, which had a good dispersion in the region and could play an important role
in reducing sampling costs.
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1- Introduction
Groundwater is one of the most important

geological ones (Helena et al., 2000).
Advanced statistical methods such as

sources of water for drinking, industrial and
agricultural use, especially in arid and semi-
arid regions (Nguyan et al., 2013). For this
reason, continuous monitoring of groundwater
will play an important role in its management.
Groundwater monitoring network design is
usually done to monitor the groundwater
level, groundwater quality or both, which has
an important role in managing the operation
of the aquifer. In the groundwater-monitoring
network, in order to save cost, time and
increasing the sampling accuracy, the main
wells should be used, which are the same
wells that are effective in monitoring
(NouriGheidari, 2013). Monitoring methods
are performed by both statistical and

geostatistics and modern methods such as
neural network and genetic algorithm are used
in statistical methods including simulation
methods, analysis of variance and
probabilistic methods. However, geological
methods are based on the quantity and quality
of geological information and groundwater
(Lucas and Jauzein, 2008). Principal
Component  Analysis (PCA) is a
mathematically optimal method for reducing
data volume and converting primary variables
to limited components (Jolliffe, 2002) that has
been used to monitor the groundwater
network. According to the degree of
correlation or covariance between wells or
measuring points (Ouyang, 2005), principal
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component analysis defines principal or latent
components. In this way, after identifying the
components causing the most variance
changes, the variables having the highest
correlation coefficient with the principal
components can be extracted. Principal
component analysis is widely used in surface
water and groundwater (Siyue, 2009), some
of which are mentioned below.

Gurunathan and Ravichandran (1994) used
PCA method to identify the quality of Italian
open aquifers. In this study, they introduced
evaporation, irrigation cycle and bedrock
material as the main variables. Ouyang (2005)
used PCA methods to assess the water quality
of the St. John's River Monitoring Network in
Florida, USA. According to the obtained
results, calcium, magnesium, alkalinity, total
nitrogen, soluble nitrate and nitrite are among
the effective parameters in assessing the water
quality of this river. Taguas et al. (2008) used
principal component analysis to investigate
the relationship  between instantaneous
discharge and daily one. NouriGheidari
(2013) identified wells effective in
determining the groundwater level of Gheidar
plain using principal component analysis.
Based on the results, it was found that by
removing wells whose relative importance is
less than 0.5, the coefficient of change of
groundwater does not change much compared
to when all wells are used. Vonberg et al.
(2014) examined the factors affecting the
increase  of atrazine using  principal
component analysis in 60 wells located in
shallow aquifers in Germany; in this study,
they showed that agricultural use was the
most important source of atrazine in these
areas. Akbarzadeh et al. (2016) optimized the
groundwater quality-monitoring network of
Mashhad aquifer using spatial-temporal
modeling. The results showed that out of 287
wells in the region, 111 wells were sufficient
as stations to monitor the quality of
groundwater resources in the aquifer of
Mashhad. BabaeiHessar et al. (2016)
identified wells effective in determining
groundwater level in the Urmia plain. In this
study, minor wells were identified using
principal component analysis. Considering the
results, it was found that by removing minor
wells, the number of which was about half of

the total wells, the coefficient of variation of
the water level was reduced by 50% and the
error of determining the water level was less
than 15%. In a study, Kavusi et al. (2019)
used PSO (Particle Swarm Optimization)
algorithm to determine the optimal number
and position of observation wells. The
obtained results showed that the number of
observation wells was equal to 28 rings (42
observation wells) which indicated a 55%
reduction in the number of piezometers
compared to the initial state. In a study,
Farpoor et al. (2019) numerically simulated
the trend of chromium changes in the Birjand
plain aquifer. The outcomes revealed that
changes in the concentration of this pollutant
depended on fluctuations in groundwater level
and increasing the water level could reduce
the amount of chromium in the aquifer. In the
research conducted by Khashei Siuki et al.
(2021) in the field of chrome monitoring
network design of Birjand plain aquifer,
which was done using PCA method, it was
shown that out of 25 wells in the study area,
15 wells could be introduced as chromium
groundwater index well in Birjand plain.

So far, studies have been conducted in the
field of design of groundwater or surface
water quality monitoring network, the main
purpose of which was to select the location of
the sampling station and reduce their number
without increasing the measurement error.
Various methods such as Khodaverdi et al.
(2020), Kavusi et al. (2019) and Rezaei et al.
(2015) have presented for this purpose that
most of these studies are try to optimize the
monitoring network. On the other hand, in the
field of using PCA method, researchers such
as Rahnama and Sayari (2019), Alves et al.
(2018) and Zhao et al. (2012) have done and
in these studies and the other ones, PCA
method has often been used to identify the
most important factors changing water
quality. Therefore, the study of research
records conducted in Iran and other regions
shows that less attention has been paid to the
identification of qualitative sampling wells.
Accordingly, in this study, principal
component analysis was used as a data
reduction method to determine the relative
importance of qualitative wells in Gonabad
plain and finally effective qualitative
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sampling wells in the aquifer of this plain
were determined by PCA method.

2- Materials and methods
Area of study

The watershed studied in eastern Iran is
located in the southern part of Khorasan
Razavi province. Geographically, the plain
under study is located in the range of 58 °19'
to 59 ° 01' east longitudes and 34° 03' to 34°
22' north latitude. The average annual rainfall
in this plain is 128.9 mm per year. Figure (1)
shows the geographical location of the study
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area and the distribution of water wells in the
area. In this study, the statistics of 22 wells
supervised by the Ministry of Energy have
been used. To analyze the main components,
the annual data of calcium (Ca?*), magnesium
(Mg?"), sodium (Na®), electrical conductivity
(EC), total soluble solids (TDS), chlorine (CI’
), sodium adsorption ratio (SAR), bicarbonate
(HCO3), sulfate (SO4*), hardness (TH),
acidity (pH) of groundwater of these wells,
which was recorded from 2007 to 2016, have
been used.
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Fig. 1- Location of the study area and well

Principal Component Analysis (PCA)

PCA is a multivariate statistical method
that can be used to reduce the complexity of
analyzing the initial variables of the problem
in cases where we have a large amount of
information and plan to better interpret them
(Noori et al., 2009). The purpose of principal
component analysis is to reduce the size of
the data (reducing the number of variables) by
summarizing a large number of primary
variables into a smaller number of principal
components. For this purpose, the variance in
multivariate data is broken down into
components; as the first principal component
(PC,) justifies as much variance in the data as
possible. The second principal component
(PC,) justifies the largest possible variance
after the first component and to the end. The
extracted components have two
characteristics: a) they are perpendicular to
each other (independent of each other), b) the
total number of principal components is equal
to the number of primary variables. The
important thing about principal components is
that these components are obtained by
rotating the coordinate axes in the direction of
maximum variance so that the angle between
the coordinate axes will not change after the
period (Bazrafshan and Hejabi 2017).

To calculate the importance of each well,
the correlation coefficient between the main
components and the observed data is used.
The correlation coefficient of the well with
the principal component is obtained from
Equation (1).

Cor(z;.x;)=a ;.4 A& | (1)

Where, ai, j is the i element of the main
component of j. The higher the coefficient,
the higher the relative importance of the well
is (Sanchez-Martos et al. 2001).

Generally, the number of wells (p) should
be less than or at most equal to the number of
observations (n) (which is the same as the
number of statistical years) (Petersen 2001).
In this study, to -calculate the relative
importance of each well for each well, 10
wells (equal to 10 statistical years) with the
closest neighborhood to the desired well were
identified. For example, to monitor well W4,
the SAR parameter uses 10 adjacent wells,
namely W12, Wy, W11, Wi, W13, W16, Wis,
W17, Wy and Wig. Therefore, there will be a
10 x 10 matrix for each well. It should be
noted that the monitoring does not use the
well data itself, but only 10 adjacent wells.
Then, for each well, the principal component
analysis was performed once to determine the
correlation coefficient of each well with the
principal component. In the selection of
effective wells, wells with a correlation
coefficient of less than 0.75 were eliminated
(Ouyang, 2005). Thus, for each principal
component analysis, a number of wells were
identified as effective wells, and finally, the
number of times each well participated in the
analysis, as well as the number of times it was
identified as an effective well was also
determined. Equation (2) was used to



Designing a quality monitoring ...

72

determine the relative importance of each
well.

Relative importan = N
n

)

This ratio indicates the importance of each
well compared to other wells, in which N is
the number of times that each well is
considered as an effective well and n is the
number of times that each well has
participated in the analysis. The greater the
relative importance of a well, the greater the
impact on monitoring. In order to investigate
the effect of removing each well from the
calculations, two criteria of coefficient of
variation and monitoring error were used.
Using Equation (3), the amount of monitoring
error for removing ineffective wells at a given
threshold can be calculated by comparing the
average of wells at that threshold with the
average of all wells (Gurunathan and
Ravichandran, (1994).

(mn _mO)
Error =——=x100 (3)
mO

Where m, is the average value for the
removal of wells calculated according to the
relative importance, mq is the average value of
all existing wells. In this research, to
implement this method, SPSS statistical
software. Ver 19 was used.

3- Results and discussion

As Table 1 shows, for the SAR parameter, the
two components PC; and PC, have more
variance. According to Table (1), wells W15,
W, W11, W1g, W13, Wig, Wis and Woyg, which
have a correlation coefficient above 0.75, can
be selected as effective wells in monitoring
well Wiy, This analysis is performed to
evaluate the effect of all wells and determine
the number of times each well is affected.
Then, according to the specific number of
times a well is involved in the analysis of the
main components, the relative importance of
each well is calculated. Table (2) shows the
relative importance of each well for the study
area. The higher the rank, the more important
itis.

If the threshold is equal to 0, 0.2, 0.4, 0.6,
0.8 and 1 for ranking wells (NouriGheidari,
2013), at threshold 0, all wells are included in
the analysis and at threshold 1, wells with a
rank of 1 are accepted. According to Table (2)
about the SAR parameter, there are two wells
with a rank of 1. This means that of all the
wells, wells Wi, and Wje are the most
important and as many as participated in the
analysis, are known as effective wells. The
number of effective wells for each threshold
for the SAR parameter will be 22, 18, 14, 11,
7 and 2, respectively.

Table 1- Correlation Coefficient Matrix of W14 Well Monitoring (SAR)

Wells (Wi) Principal Component (PCj)
PC, PC,
Wy, 0.818 0.387
W 0.877 -0.253
Wy, 0.895 -0.049
Wi 0.909 -0.194
W3 0.639 -0.316
Wi 0.858 -0.384
Wiys 0.852 -0.272
Wy, 0.564 0.678
Wy 0.902 0.245
Wig 0.728 0.392
Table 2- Wells ranking based on principal component analysis (SAR)
Well Number of ~ Number of Rank Well Number of ~ Number of Rank
timesithas  times they timesithas  times they
been participated been participated
identified as in the identified as in the
an effective analysis an effective analysis
well. well.
Wi 16 16 1.00 W, 4 8 0.50
Wi 12 12 1.00 W, 3 6 0.52
Wy 19 20 0.95 W7 5 12 0.42
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Wis 12 13 0.92
Wao 11 12 0.92
W, 13 15 0.87
W, 4 5 0.80
Way 3 4 0.75
Wiy 15 21 0.71
Ws 2 3 0.67
W, 3 5 0.60

W, 2 6 0.33
Wy, 5 15 0.33
W3 2 8 0.25
Wy, 1 5 0.20
Ws 1 8 0.13
Wig 1 9 0.11
Wi 1 14 0.07
Wi 3 4 0.00

To investigate the amount of error in
selecting the number of effective wells,
researchers have proposed to calculate the
coefficient of variation for the remaining
wells at each threshold and compare it with
the coefficient of variation for all wells
(NouriGheidari, 2013). This method is
acceptable if it is assumed that the coefficient
of variation increases with the removal of
inefficient wells. In this way, the threshold at
which the least difference in the coefficient of
variation occurs is selected. Of course, it is
important to note that the coefficient of
variation does not always increase with the
removal of ineffective wells (as in the present
study) and can increase or decrease depending
on the nature of the information of the
removed wells. Consequently, in the present
study, in order to select an acceptable
threshold level, in addition to calculating the
coefficient of variation, the average is used in
calculating the error instead of the coefficient
of variation (BabaeiHessar et al., 2016).
Figure (2) shows the average coefficient of
variation versus the threshold (SAR
parameter). In this way, the coefficient of
variation for each statistical year was
calculated and after estimating its average
value, was plotted against the threshold.
According to Figure (2), at the threshold of
0.2, the coefficient of variation decreases.
Considering that the average value of all wells
(zero threshold) is equal to 9.28. At the
threshold of 0.2 with the removal of two wells
Ws, Wig, W13 and Wig in which the average
values are higher than the average values of
all wells and the coefficient of change
suddenly decreases significantly. In addition,
at the threshold of 0.4 to 1, with the
elimination of wells that have a higher
average, the coefficient of change has
decreased. Elimination of insignificant wells
continues until the average coefficient of
variation is not high. To ensure the results, the
error value was also calculated for each

threshold. As shown in Figure (3), the
threshold error rate of 0.6 is equal to 1.04
percent, i.e. by removing 11 less important
wells; the groundwater level estimation error
increases 1.04 percent compared to the
situation where all wells are used. The error
value increases from the threshold of 0.6 and
above as well. Therefore, based on the
monitoring error, the optimum threshold is
0.6. Therefore, 11 wells that remain at this
threshold can be considered as effective wells
in monitoring the SAR parameter of Gonabad

plain.
0.35
[72]
<
2 03 '1\0/.\\0\‘
s
T 0.25 -
>
“
S 0.2 -
5
5 0.15 1
5 o1
o
o
c 0.05 -
[58}
[«5)
2 O T T T T T
0 02 04 06 08 1 1.2
Threshold of rating
Fig. 2- Average coefficient of variations against

the threshold of rating parameter SAR

=
>

= [
A O 0 O N

Monitoring error rate (%)

N

o

0 0.2 0.4 0.6 0.8 1 1.2

Threshold of rating

Fig. 3- Monitoring error rate against the rating
threshold parameter SAR

The same steps were repeated for other
qualitative parameters studied in this study.
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Finally, 18, 15, 19, 11, 16, 14, 14, 15, 15, and
18 wells were respectively selected as
effective wells in the parameters of Ca, Cl,
EC, Mg, Na, pH, HCO3, SO4, TDS and TH
that could play an important role in reducing
sampling costs. Finally, after examining the
importance of each well, common wells in all
quality parameters studied in this study,
namely wells Wy, Wy, W12, W1, W7, Wg and
Wi, were introduced as effective wells in
terms of all parameters. The study conducted
by BabaeiHessar et al. (2016) showed that by
removing less significant wells in determining
the groundwater depth of the Urmia plain,
which was about half of the total number of
wells (12 wells), the coefficient of variation
was reduced by 50% and the error of
determination The water table was less than
15%. NouriGheidari (2013) showed that by
removing wells whose relative importance
was less than 0.5, the error in determining the
groundwater level of the Qeydar plain did not
increase much and its value would be less
than 13%.

4- Conclusion

In many studies, it is important to identify
important sampling points in terms of
reducing sample size and saving time and
money. Principal component analysis is one
of the methods that can be used to summarize
data and reduce sampling points. In this way,
by identifying more wells that are important
and eliminating inefficient wells, it is possible
to save a lot of money and time. In this study,
groundwater  qualitative  parameters  of
different wells in Gonabad plain were
investigated. Then, using the analysis of the
main components, the relative importance of
each well in each of the studied qualitative
parameters of groundwater in this plain was
calculated. By  performing  principal
component analysis, the relative importance
of each well was calculated between 0 (for
inefficient wells) to 1 (for fully effective
wells). The results showed that in general, out
of 22 wells in the study area, 7 wells were
introduced as groundwater qualitative index
wells in Gonabad plain, which had a good
distribution in the region.
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