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Abstract
Every year, due to the salinity resulting from improper irrigation practices, almost 10 billion ha of
agricultural lands across the world cannot be used. Among the main elements (cations) for salinity in
regions with dry or semi-dry climate are potassium (K+), sodium (Na+), calcium (Ca+2) and magnesium
(Mg+’2). Using proper irrigation methods as well as ensuring the quality of irrigation water are of great
importance in terms of the salinity of agricultural soils. In this study, laboratory analyses of ground water
resources for salinity parameters were conducted in the province of Yalova (Taşköprü, Çiftlikköy, and
Altınova regions). In the explanation of the analysis results, variations and effects based on the level of
salinity were taken into account and the role of small, meso and large scale factors were determined
through the use of the wavelet model. The study results would be of use in the estimation of salinity
contents of soils with respect to groundwater irrigation in agricultural areas. 

1 Introduction
The quality of water is determined by the surrounding natural elements and phenomena including soils,
plant covers and �ora, in addition to the meteorological, hydrological, and geological properties of the
area. The quality of surface and groundwater resources is inevitably impacted by any changes that may
occur in these properties as a result of global climate change, as well as any changes in precipitation
quality that may occur in different seasons. The amount of precipitation varies not only temporally, but
also spatially (Dökmen and Kurtuluş, 2009; Kalteh, 2015; Dökmen and Duru 2019; Dökmen and Aslan,
2020).

Within the past ten years, wavelet theory has begun to be used in signal processing analysis. The wavelet
transform has been successfully applied to wave data analysis, as well as other engineering applications,
in recent years (Massel, 2001; Teisseire at al. 2002; Huang, 2004; Anctil and Paulin, 2004; Brutsuert, 2005;
Blackburn and Ferwerda, 2008).

One of the important contributors to the water quality problems are storm water in urbanized areas. As
indicated by the results of the time series prediction competition results Models such as ANN, recurrent
neural networks, wavelet neural networks, particle swarm optimization methods, and fuzzy neural
networks, etc. are among the best options to be used in the prediction of time series, which is a
generalized form of run off quality prediction. These models can be expected to yield the best results in
the prediction of speci�c run off quality as well.

Recently, wavelet analysis (also known as ‘wavelet theory’ or ‘wavelets’) has received considerable
interest in signal processing. Having been employed in various applications including transient signal
analysis, image analysis, communications systems with success, it is still open to further development in
terms of both the mathematical understanding and various applications in science and engineering
(Massel, 2001; Zhang, et.al. 2004; Reum and Zhang, 2007; Moosavi, et.al. 2013; Moosavi, et.al. 2017).
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In recent years, wavelet techniques have been widely applied to various water resources research because
of their time-frequency representation. The aim of this work was to study the in�uence of
precipitation/rainfall events and quantity on the ground water resources in terms of potassium (K+),
sodium (Na+), calcium (Ca+2) and magnesium (Mg+2) by using wavelet techniques. And also, As main
elements (cations) and sampling parameters, spatio-tempora variations of potassium (K+), sodium (Na+),
calcium (Ca+2) and magnesium (Mg+’2) for salinity in dry and semi-dry climatic regions have been
analyzed.

2 Material And Methods
2.1.Materials

In this study, �ve different ground water resources located in the vicinity of Yalova (at three study areas;
Taşköprü, Çiftlikköy and Altınova) in Turkey were investigated (Fig. 1).The content of potassium (K+),
sodium (Na+), calcium (Ca+2) and magnesium (Mg+2) were examined for the relation to amount of
rainfall. This work was accomplished analyzing �ve different ground water samples every month in the
period of over all the 10 years (June 2010-August 2020).

In the research area, annual mean temperature is 23.6 0C and annual mean of precipitation is 808.4 mm
year−1. In the long period years (1975-2020), total annual potential evaporation is 540.5 mm water year−1

and total annual real evaporation of research area is 476.9 mm water (TSM, 2019; TSM, 2020).

2.2.Methods

2.2.1.Chemical analysis

Standard sampling methods were used in the work, and the samples were analyzed according to
standard methods (APHA, 1985). Chemical analysis were used of potassium (K+), sodium (Na+), calcium
(Ca+2) and magnesium (Mg+2).

2.2.2.Wavelet analysis

Having received considerable attention since it was theoretically developed, the wavelet analysis is a
sophisticated tool employed in signal processing (Grossmann and Morlet, 1984). As an alternative to the
Fourier transform in the preservation of local, non-periodic, and multi-scaled phenomena, it has been
increasingly used in communications, image processing and optical engineering applications. Wavelet
transforms, which can generally be used in exploring, denoising, and smoothening time series, are of help
in forecasting and other empirical analyses (Sehgal, et.al. 2014; Sang, et.al. 2015; Shafaei, 2016).

In wavelet analysis, which breaks up a signal into shifted and scaled versions of the original (or mother)
wavelet, the signal-cutting problem is solved through the use of a fully scalable modulated window. By
shifting the window along the signal, the spectrum for each position is calculated. After repeating this
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process many times using a slightly shorter (or longer) window for each new cycle, a collection of time-
frequency representations of the signal, all of which will have different resolutions, will be obtained. This
collection of representations allows us to speak of a multi-resolution analysis. Both the dominant modes
of variability and how those modes vary in time can be determined through the decomposition of a time
series into time-frequency-space. Proven to be a powerful tool for the analysis and synthesis of data from
long memory processes, wavelets are strongly associated with such processes as the same shapes
repeat in different orders of magnitude. By simultaneously localizing a process in time and scale domain,
wavelets enable the representation of many dense matrices in a sparse form (Ramana et al. 2013;
Parmar and Bahrdwaj, 2012; Sing and Rashmi, 2014).

A su�cient condition for f(t) to qualify as a mother wavelet is given as below (Meyer, 2000; Siddiqi, 2010;
Dökmen and Aslan, 2013; Nourani, 2015; Daubechies, 1992).

  (1a)
The Fourier transform F of f(t) is de�ned as

  (1b)
A function ψ(t) satisfying the following condition is called a continuous wavelet:

  (2a)
and

 (2b)

Where  (3)

Here a is a scaling parameter, b is a location parameter and ψa,b
(u) is often called continuous wavelet (or

daughter wavelet) while ψ(u) is the mother wavelet. For 1D continuous wavelet analyses the Mexican hat
wavelet `upside-down', with a central trough (top of the hat) and two symmetric bumps on either side (the
curled rim) was used in (Fig. 2).

In this paper as a wavelet function, f(t) temporal variations of potassium (K+), sodium (Na+), calcium
(Ca+2) and magnesium (Mg+2) have been considered.
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Continuous wavelet transform using Db Wavelet at level 8 have been analyzed for each water parameter.
Continuous Wavelet analyses analysis decomposes each data in 10 parts namely, s, a3, d1, d2, d3, d4, d5,
d6, d7, d8. The �rst part “s” represents signal or raw data, second part “a3” correspond to amplitude of
signal for Db Waelet at level 3. d1.d8 represents details of signal or raw data at eight different levels. 1D
Continuous wavelet analysis has three parts; �rst part on top represents the analyzed signal or raw data,
second part contains the scalogarms value.

3 Results And Discussion
3.1.Temporal and Spatial Variations of Potassium (K+) Elements

Results of this study would be helpful for estimation of salinity contents on soils by using irrigation of
�ve different groundwater resources at agricultural areas.

Fig. 3a-c show wavelet analyses of K+ elements variations in Yalova Province (regions of Taşköprü,
Çiftlikköy and Altınova). Small scale �uctuations play an important role at the study areas of Taşköprü
and Altınova (Fig. 3a). Large scale factors have higher impact at Altınova, but the effective role of meso
scale �uctuations have been observed at Çiftlikköy. Mean value K+ element is 5,133 mg L−1 at study area.
Range is changing between 2 and 13. Its frequency histogram has a positive skewness (Fig. 3b).

Fig. 3(c) shows, 1D wavelet analyses of K+ element at study area. Based on these analyses, it is
concluded that, Taşköprü and Altınova are under the affects of small – meso and large scale factors. But
Çiftlikköy is affected by small and meso scale factors.

3.2.Temporal and Spatial Variations of (Na+) Elements

Figs. 4a-c show wavelet analyses of Na+ elements variations in Yalova Province (regions of Taşköprü,
Çiftlikköy and Altınova). Small scale �uctuations play more important role at Altınova (Fig. 4a). This
variation is associated with sea-water (Marmara Sea) intrusion. Meso and large scale factors have same
impacts at all sudy areas. Mean value Na+ element is 1,373 mg L−1 at study area. Range is changing
between 0 and 4. Its frequency histogram has a positive skewness (Fig. 4b).

Fig. 4(c) shows, 1D wavelet analyses of Na+ element at study area. Based on these analyses, it is
concluded that, all three study areas are under the affects of small – meso and large scale factors.

3.3.Temporal and Spatial Variations of Calcium (Ca+2 ) Elements

Figures 5a-c show wavelet analyses of Ca+2 elements variations in Yalova Province (regions of Taşköprü,
Çiftlikköy and Altınova). High frequency variations have been observed at all stations in study area (Fig.
5a). Role of large scale factors are associated with arti�cial fertilization at Çiftlikköy. Mean value Ca+2

element is 5,133 mg L−1 at study area. Range is changing between 1 and 8. Its frequency histogram has a
negative skewness (Fig. 5b).
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Fig. 5(c) shows, 1D wavelet analyses of Ca+2 element at study area. Based on these analyses, it is
concluded that, all three study areas are under the affects of small – meso and large scale factors. On
the other words, the main in�uence on temporal variations of Ca+2 elements at the study area is
accompanied with combined factors of small, meso and large scale �uctuations with frequencies of 1-8
months. But the role of large scale factors play more important role at Çiftlikköy than the other stations.

3.4.Temporal and Spatial Variations of Magnesium (Mg+2 ) Elements

Figures 6a-c show wavelet analyses of Mg+2 elements variations in Yalova Province (regions of Taşköprü,
Çiftlikköy and Altınova). Low frequency variations have been observed at all stations in study area (Fig.
6a). Role of large scale factors are associated with arti�cial fertilization and sea water intrusion at all
three study areas. Mean value Mg+2 element is 1,92 mg L−1 at study area. Range is changing between 1
and 6 mg L−1. Its frequency histogram has a positive skewness (Fig. 6b).

Fig. 6(c) shows, 1D wavelet analyses of Mg +2 element at study area. Based on these analyses, it is
concluded that, all three study areas are under the affects of small – meso and large scale factors. The
main in�uence on temporal variations of Mg+2 elements at Taşköprü and Çiftlikköy is accompanied with
combined factors of small, meso and large scale �uctuations with frequencies of 1-5 months. But in
Altınova, periodicities of these �uctuations change between 1-5 months in 2010, and also it changes
between 1-10 months in 2020. This result may be attributed to the lower affects of large scale factors at
Altınova in 2020.

3.5. Wavelet analyses of rainfall rate

The in�uence of rainfall events and quantity on the ground water resources have been analyzed by using
wavelet techniques. The results of analyses explained that relationship for salinity parameters in terms of
drought climatic conditions in research area.

Figures 7 (a and b) show Wavelet 1D and Continuous Wavelet 1D analyses of monthly total rainfall rates.
Small and meso scale factors have an important role on rainfall rate. Their role show less importance
effects during summer period. Their periodicity lasts for a couple of months. Large scale �uctuations are
important on total rainfall rate variations in autumn.

5 Conclusions
Wavelet analyses of extreme events show the role of seasonal oscillations, and small-, meso- and large-
scale effects on water quality parameters. Wavelet analysis helps us to interpret the frequency dependent
changes of time series due to regional and large scale factors. Based on this fact, contents of parameters
were determined for suitability of underground water to different using activities.

The time series of groundwater resources and levels of salinity are analyzed by using continuous wavelet
transforms. These analyses help to improve the monitoring of water quality, the modeling and
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determining of salinity strategies concerning water resources. In addition, this analysis can provide
information on the causative impact of groundwater resources on the salinity concentrations, as well as
their phase relationship in time frequency domain.
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Figures

Figure 1

Map of three study areas as Taşköprü, Çiftlikköy and Altınova in the vicinity of Yalova Province in Turkey
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Figure 2

Maxican hat wavelet (Meyer, 2010).
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Figure 3

a- Wavelet analyses of K+, Db, Level 3, (June 2010-August 2020). 

b- Statistical analyses of K+, Db, Level 3, (June 2010-August 2020). 

c- 1D continuous wavelet analyses of K+, Mexh, (June 2010-August 2020).
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Figure 4

a- Wavelet analyses of Na+, Db, Level 3, (June 2010-August 2020). 

b- Statistical analyses of Na+, Db, Level 3, (June 2010-August 2020). 
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c-1D Continuous wavelet analyses of Na+, Mexh, (June 2010-August 2020).

Figure 5

a- 1D wavelet analyses of Ca+2, Db, Level 3, (June 2010-August 2020). 

b- Statistical analyses of Ca+2, Db, Level 3, (June 2010-August 2020). 
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c- 1D continuous wavelet analyses of Ca+2, Mexh, (June 2010-August 2020).

Figure 6

a-1D wavelet analyses of Mg+2, Db, Level 3, (June 2010-August 2020). 

b-Statistical analyses of Mg+2, Db, Level 3, (June 2010-August 2020). 
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c-1D continuous wavelet analyses of Mg+2, Mexh, (June 2010-August 2020).

Figure 7

(a)- Monthly total rainfall rate, wavelet 1D, db, level 6, 

(b)-Monthly total rainfall rate, continuous wavelet 1D, Mexh, sampling period:1


