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Chapter

Fractal Analysis for Time Series
Datasets: A Case Study of
Groundwater Quality

Sanjeev Kimothi, Asha Thapliyal and Navendra Singh

Abstract

Fractal dimension (FD) is a highly used mathematical tool to measure long-term
memory of time series dataset in various research areas and also applied in chaos
theory and fractal and spectral analysis. FD analysis has been applied in various
disciplines, e.g., from biophysics, hydrology to computer networking. In developing
countries like India, the water quality parameter characterization is very much chal-
lenging due to the increase of the contaminated substances in groundwater. In view
of health issues and drinking water standards, water quality assurance is a requisite
on the region basis. In order to quantify the same, a numerical index known as water
quality index (WQI) well adopted by worldwide researchers has been recognized for
its significance and applicability for water characterization. Further, the water quality
parameters, such as turbidity, chloride, ferrous (Fe), nitrate, pH, calcium (Ca),
magnesium (Mg) fluoride (Fl), total dissolved salts (TDS), alkalinity, hardness, and
sulfate, could significantly improve the understanding through statistical and fractal
modeling. Especially in the high mountainous regions of the Himalayas where there is
scarcity of observed dataset, the predictability estimation will be highly applicable in
WQI modeling. In the current study, statistical relationship among the sample
datasets is obtained by regression equation, coefficient of correlation, Hurst expo-
nent, and FD and probability index between water parameters for Tehri District. It is
concluded that the fractal analysis is a better statistical and mathematical tool to
calculate water quality indices. Fractal analysis among the various parameters
suggested that the water samples are good for drinking and the health.

Keywords: water quality index, fractals, Hurst exponent, Himalayan region

1. Introduction

The Himalayan region has large river basins, and this categorizes it as having a
dynamic hydrology which required scientific approaches to study the water
resource management and planning at regional basis. Due to large-scale develop-
mental activities along the river basin, the hydrology of the region is affected and
hence the water quality. These development activities impact overall water balance
of the region, which has a negative effect on various environmental factors like
flora, fauna, soil, air, drinking water, and ultimately the human health. Water is a
valuable natural resource which contains various suspended substances of organic
matter and minerals.
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Huge urbanization and drilling activities affect the land transformation, and
hence surface water pollution impacts the quality of drinking water [1, 2]. In the
indication of the water quality standards and the estimations of constituent con-
centrations, the laboratory processes and statistical methods are required, and
worldwide researchers used the statistical analysis such as multiple linear regres-
sions methods [3-6]. Researches emphasize to examine the physical properties of
surface water, and the constituent concentrations can be used for the assessment of
water quality situation or water balance with analyzing the parameter deviation and
water quality standards [7-11]. Modeling of surface water quality is carried out that
assesses numerical indices using earth observation datasets and laboratory methods
such as X-ray diffraction technique over Allahabad district, India [12]. It is observed
that the statistical methods are capable of comparing the numerical indices. Con-
taminated quantity separation in the groundwater samples were also studied with
numerical index approach and found to be significant for water parameter charac-
terization [13, 14]. Remote sensing and GIS-based approaches along with ground-
based dataset have also been applied to study the water quality parameters [15, 16].

Fractal dimension (FD) and laboratory methods together have been used to study
the water quality, and the indices are calculated as the weighted average of all
observations of interest [17]. Fractal theory has been widely applied on diverse types
of datasets in hydrology, geophysics, and climate as well as in other research areas to
identify the patterns in time series datasets for describing the irregular and complex
behaviors of dynamic systems [18-21]. The rainfall spatiotemporal variations are
analyzed for flood seasons in China during 1958-2013 using Hurst exponent and
concluded that the rainfall trends will persist in the future also having implications
for the ecological restoration and farming operations [22]. Fractal approach has been
applied to estimate the climatic indices for climatic variables (pressure, temperature,
and rainfall) in the Himalayan foothill region [23]. Fractal dimension demonstrated
significant variations from station to station with the values relatively closer to unity
at high-altitude sites indicating better climate predictability than that of those over
the low-altitude stations in the Himalayan foothills.

In this investigation fractal and statistical analysis is carried out to establish rela-
tionships among water parameters such as turbidity, chloride, ferrous, nitrate, pH,
calcium, magnesium, fluoride, total dissolved salts (TDS), alkalinity, hardness, and
sulfate and to get the significant understanding of WQI. Fractal analysis improves the
understanding of WQI especially in the mountainous regions of the Himalayas where
3D models show limitations in resolving the highly complex geographical topography.
Despite the advantage with statistical modeling to inherit the effects of terrain and
correlated variations among various meteorological parameters, comprehensive
investigations of such statistical relationships among observed water quality parame-
ters are lacking over the Himalayan foothills and needs to be studied in detail.

This study intends to carry out the statistical and fractal analysis of groundwater
parameters to establish the relationship among the various indices and to under-
stand the behavior of water quality indices (WQI) with the predictability index
(PI), Hurst exponent (H), and fractal dimension (D). This study may offer the basic
understanding of the WQI of different water parameters regarding the regional
hydrogeochemical processes with the laboratory testing methods.

2. Study region and observational dataset
The state of Uttarakhand located in the lap of the central Himalayan region has

been identified as a hotspot of anthropogenic stress and one of the most vulnerable
regions for climate-mediated risks. The region provides water resources supporting
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millions of people in South Asia. During the last few decades, the central Himalayan
region is observing the cascading effects of the climate change including rise in
temperature, receding of glaciers, erratic precipitation patterns, etc. [24]. In the
aforementioned scenario, the Himalayan region is receiving global scientific atten-
tion for glacier and water resource studies. However, available climate models often
have limitation in resolving the highly complex geographical topography in this
region which directly or indirectly impacts the water balance over the region.
Hence, timely and accurate relationship of water indices using statistical methods
inheriting the relationship among water parameters complements the understand-
ing of the available water in the fragile ecosystem of the state of Uttarakhand.

The present study is carried out over the Tehri District of Uttarakhand. The
detailed study area map (Figure 1) shows the location of the main rivers and
drainages along the water quality parameters collected. The observations of water

Water Quality Data of Tehri District #ﬁ WATER BODIES AND DRAINAGE NETWORK oy
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Figure 1.
(a) Data collection points and (b) drainage map of study area.
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Figure 2.
Box plot showing the water quality parameters over the study site.
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quality parameters used for the analysis are obtained through the website of the
Ministry of Drinking Water & Sanitation, New Delhi, India.

In this study, we compute the Hurst exponent, fractal dimensions, and the
predictability index (PI) of water quality parameters such as (1) turbidity,
(2) chloride, (3) ferrous, (4) nitrate, (5) pH, (6) calcium, (7) magnesium,
(8) fluoride, (9) total dissolved salts (TDS), (10) alkalinity, (11) hardness, and
(12) sulfate, at high-altitude Tehri stations in the Himalayan foothills using the
fractal theory. Figure 2 shows the box plot of all the aforementioned 12 water
parameters obtained for the study site. The irregular pattern in the WQI can be used
in prediction purposes by analyzing its dynamic flow (i.e., chaotic, random, or
deterministic structural pattern). Proper identification, classification, and mapping
of water parameters of high-intensive and complex nature require frequent moni-
toring of these datasets especially in the context of drinking water.

3. Methodology
3.1 Statistical analysis

Water quality parameters have been analyzed using the numerical index, multi-
variate statistics, and earth observation datasets [25]. The average value, positional
average, and the maximum frequency values in the series datasets are estimated
with mean, median, and mode correspondingly. Variability of the sample datasets is
measured with standard deviation, and peakedness is estimated by kurtosis. The
symmetry between data points is estimated with skewness approaches. Coefficient
of variation gives the extent of variability of data in a sample.

3.1.1 Regression analysis

This analysis examines the influence of one or more independent variables on a
dependent variable. The regression equation with dependent variable Y and inde-
pendent variable X is represented as:

Y=mX+C
where C is a constant of integration [5]:

Regression coefficient = my, =7 (o)
[W(XY) - Y(X)E(Y)]

(e () —wx)?) (w(v?) —w(vy)]
B [COV(X, Y)]

Correlation coefficient = r =

1/2

O0yoOx

where o, and o, are standard deviation of variables Y and X, respectively, and
¥ (X), ¥(Y), and ¥(XY) are the expected value of variables X, Y, and XY,
respectively.

3.2 Fractal dimension (FD)

The term fractal comes from the Latin word fractus means “fraction or
broken”; the basic concept lies in the fact that fractals have a large degree of
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self-similarity within themselves which was coined by Benot Mandelbrot in 1975.
Fractals are characterized by self-similarity property having similar characteris-
tics when analyzed over a large range of scales, and individually a single entity
will have similar characteristics to that of the whole fractal [26, 27]. Fractal
dimension estimation from a fractal set has various methods due its simplicity
and automatic computability. The box counting is one of the major categories of
fractal analysis and the most used technique to analyze image features such as
texture segmentation, shape classification, and graphic analysis in many fields
[28, 29]. The variance and spectral methods are two other major categories of
fractal dimension analysis of a time series that recognize the determinism and
randomness in data [30]. To study the naturally complex features such as
coastlines, river boundaries, mountains, and clouds, the fractal dimension analy-
sis has also provided a mathematical model as a fractal geometry [31, 32]. The
glacial and fluvial morphologies are distinguished by using an automated
approach (i.e., multifractal). In previous study, a multifractal detrended fluctua-
tion analysis (MFDFA) has been carried out to estimate the variation of elevation
profile of glacial and fluvial landscapes [33]. It has been observed that glacial
landscapes reveal more complex structure than that of the fluvial landscapes as
indicated by fractal parameters, such as degree of multifractality, asymmetry
index, etc. The basic definition of fractal dimension is the Hausdorff dimension;
however, box counting or box dimension is another popular definition which is
easy to calculate.

3.3 The Hurst exponent

Hurst exponent (H) is used as a measure of long-term memory of time series and
a real-valued time series defined as the exponent in the asymptotic scaling relation
[30, 34]. The Hurst exponent and fractal dimension are also directly related to each
other and indicate the roughness of a surface. The Hurst exponent’s value lies in a
time series as persistent (0.5 < H < 1) or anti-persistent (0 < H < 0.5), and when
the data are not intercorrelated, then H = 0.5 which implies that the series is
unpredictable. This approach is used in various complex engineering fields as it
provides statistical self-similarity relationship.

In terms of asymptotic scaling relation, the Hurst exponent of real-valued time
series is defined as:

<Ise§:))> = Cn", as'/'approaches to infinity b

where C is a constant, angular brackets (---) denote expected value, S(n) is the
standard deviation of the first “n” data of the series{X;, X5, ---, X, }, and R(n) is
their range:

R(n) = max {Xy,X5, -, X, } — min{Xy,X5, -, X, }

The Hurst exponent H is calculated from rescaled range technique and can also
be computed from wavelet method for the time series{X1, X>, ---, X, }.

3.3.1 Estimate of the Hurst exponent: Wavelet approach

If £(t) is a self-affine random process, “t” a position parameter (time or dis-
tance), a > 0 is a scale (dilatation) parameter, w(t) is a mother wavelet, and
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ot =50 (5)

is its shifted, dilatated, and scaled version, then the continuous wavelet
transform of f(t) is defined as:

W(t,a) = % J Wi (¢ ()t 2)

If the time series f(t) is self-affine, the variance of W (¢, a) will scale with the
dilatation parameter asymptotically as:

V(a) = (W?) — (W)’xa’ (3)

When the exponent “5” is between —1 and 3 (i.e., —1 < 8 < 3), the Hurst
exponent is defined as:

0+1
% if —1<6<1 (FGN)
—5— if 1<6<3 (FBM)
where FGN is the fractal Gaussian noise and FBM is the fractional Brownian
motion. The Hurst exponent is linked with fractal dimension (D) and defined as:

H=2-D (5)
Now the climate predictability index is given as:
PI =2|D — 1.5 =2/0.5— H] (6)

If PI is close to zero, climate is unpredictable. The closer the PI to 1, the more
predictable the climate is.

4, Results and discussion

To distinguish the fresh and contaminated water and establish relationship
between the parameters have become a major concern for environmentalists and
health workers. And due to increased levels pollutants, it is very challenging for
municipal authorities to make availability of clean drinking water especially in
developing countries. The statistical relationship of water models depends on the
dynamics of climatic as well as soil parameters and thermodynamic processes
among the surface water parameters. The established statistical relationship among
the various water quality parameters is shown in Table 1, which suggested that the
variation among these parameters occurs due to variability in the originating envi-
ronment and is affected by terrain conditions by which it flows down. In dynamic
systems, this kind of response generates irregularity, which may show a random
pattern of certain type. Figure 1 shows the box plot of the 12 water quality param-
eters over the study area. Table 2 shows the Hurst exponent (H) estimated through
standard wavelet techniques and compared with regression equation, and coeffi-
cient of each water parameters shows whether they have Brownian time series (or
true random walk) behavior with the other related parameters or not. The summary
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Sr. No Parameters Mean Median Mode SD  Skewness Kurtosis Coefficient of
variation
1 Turbidity 1.619 1135 1.000 1504 1.747 3.134 0.929
2 Chloride 3.114 0.000 3983 5.009 1.528 1.387 1.609
3 Ferrous 0.266 0.190 0.000 1.031 11713 150.451 3.881
4 Nitrate 2.663 2200 0.000 2.097 1.011 1.165 0.787
5 pH 7.189 7.200 0.251  0.691 —7.377 74926 0.096
6 Calcium 40.656 33.100 0.000 39.952 2.841 11.549 0.983
7 Magnesium 30.725 22.000 0.000 50.368 9.567 127.310 1.639
8 Fluoride 0.283 0.240 0.000 0.266 0.768 —0.157 0.941
9 TDS 107.008 80.150 55.000 116.571 1.781 3.376 1.089
10 Alkalinity 115239 110.000 1.272  63.728 0.331 —0.683 0.553
11 Hardness 136.661 144.500 95.000 102.589  1.494 8.679 0.751
12 Sulfate 14.564 8.800 0.000 17.161 2.400 7.224 1.178
Table 1.
Statistical analysis of groundwater parameters at Tehri District, Uttarakhand.
Y Parameters- Regression equation r’ H D PI
X (Fractal)
Turbidity Chloride y = —0.39645"x + 3.7212 0.014385 0.83198 1.168 0.66396
Ferrous y = 0.12408"x + 0.065435  0.032746 1.5146  0.48536 2.0293
Nitrate y = 0.22208"x + 2.3121 0.02548  0.84779 1.1522 0.69558
pH y = 0.010597*x + 7.1721 0.000532  1.2259 0.77415 1.4517
Calcium y = 3.6487"x + 34.8722 0.018921 1.2706 0.72942 1.5412
Magnesium y = 2.8703*x + 26.1718 0.007351 12307  0.76928 1.4614
Fluoride y = 0.054962*x + 0.19432  0.097003 0.93987  1.0601 0.87973
TDS y = 15.5427"x + 81.9829 0.040221 0.85579 1.1442 0.71158
Alkalinity y = 13.4538"x + 93.5935 0.10097 0.82012  1.1799 0.64025
Hardness y = 12.7963*x + 116.0534 0.035196  1.2005 0.7995 1.401
Sulfate y = 0.8647*x + 13.2096 0.005754 0.90684  1.0932 0.81367
Chloride Turbidity y = —0.036284"x + 1.7326  0.014385 0.99887  1.0011 0.99774
Ferrous y = 0.0073198"x + 0.2440  0.001245 1.6072  0.39276 2.2145
Nitrate y = —0.094225"x + 2.9621  0.050117 0.98909  1.0109 0.97818
pH y = 0.017067*x + 7.1368 0.015072 1.1173 0.88266 1.2347
Calcium y = —0.18703"x + 41.362 0.000543 1.3236 0.6764 1.6472
Magnesium y = —1.4045"x + 35.148 0.019231 1.3891  0.61086 1.7783
Fluoride y = 0.0032535*x + 0.2733  0.003714 1.0405  0.95945 1.0811
TDS y = 5.7221"x + 89.5595 0.059563  0.9857 1.0143 0.9714
Alkalinity y = 3.5154*x + 104.5777 0.075324 0.92132  1.0787 0.84263
Hardness y = 3.3113*x + 126.6005 0.02575 13457  0.65428 1.6914
Sulfate y = 1.5794x + 9.7489 020972  1.0341  0.96585  1.0683
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Y Parameters- Regression equation r H D PI
X (Fractal)
Ferrous Turbidity y = 0.2639"x + 1.5505 0.032746 0.40358  1.5964  0.19285
Chloride y = 0.1701%x + 3.0332 0.001245 0.3567  1.6433 0.2866
Nitrate y = 0.21107*x + 2.6158 0.010822 0.52792  1.4721  0.055837
pH y = 0.018421*x + 7.1844  0.000756 0.80777  1.1922 0.61553
Calcium y = 4.7305"x + 39.5253 0.014954 0.66518  1.3348  0.33036
Magnesium y = 1.1981*x + 30.5048 0.000602 0.63682  1.3632  0.27364
Fluoride y = 0.012348"x + 0.28012  0.002302 0.50357  1.4964  0.007137
TDS y = —1.9056"x + 107.6835  0.000284 0.34176  1.6582  0.31647
Alkalinity y = 4.7751%x + 114.1275 0.005981 0.32296 1.677 0.35407
Hardness y = 5.5291%x + 135.3207 0.00309 0.50895 1491  0.017901
Sulfate y = 2.2747*x + 14.0048 0.018721 0.42956  1.5704 0.14088
Nitrate Turbidity y = 0.11474*x + 1.3143 0.02548  0.68125 1.3188 0.3625
Chloride y = —0.53189"x + 4.4998  0.050117  0.662 1.338 0.324
Ferrous y = 0.051273*x + 0.12956  0.010822 1.5921  0.40791  2.1842
pH y = 0.049051"x + 7.0583  0.022056 1.3583  0.64173 1.7165
Calcium y = 5.7087*x + 25.5324 0.089649 1.1608  0.83923 1.3215
Magnesium y =7.2362"x + 11.4886 0.090436 1.2002  0.7998 1.4004
Fluoride y = 0.033377"x + 0.19422  0.069242 0.92495  1.0751  0.84989
TDS y = —12.2844*x + 140.0001  0.048631 0.62589  1.3741 0.25179
Alkalinity y = 0.37421"x + 114.4004  0.000151 0.58893  1.4111 0.17786
Hardness y = 3.2928*x + 127.996 0.004511 0.91075  1.0892  0.82151
Sulfate y = —0.41289"x + 15.7144  0.002539 0.80191  1.1981  0.60382
pH Turbidity y = 0.050188"x + 1.2601  0.000532 0.37731  1.6227  0.24538
Chloride y = 0.88314"x + —3.2706 ~ 0.015072 0.28645  1.7135 0.4271
Ferrous y = 0.041021*x + —0.02835 0.000756 0.9331  1.0669 0.8662
Nitrate y = 0.44965%x + —0.56059  0.022056 0.52027  1.4797  0.040543
Calcium y = 4.7201*x + 6.8518 0.006686 0.66003 1.34 0.32006
Magnesium y = 4.6756"x + —2.7902 0.004119 0.65269  1.3473  0.30538
Fluoride y = 0.029938"x + 0.068174  0.006077 0.5019 15008  0.001615
TDS y = 1.682"x + 95.0834 9.95E-05  0.2787 1.7213 0.4426
Alkalinity y = 3.1687"x + 92.6195 0.001183  0.2732 1.7268 0.4536
Hardness y = 2.6385%x + 117.8255 0.000316 0.46067 15393  0.078657
Sulfate y = 2.1465%x + —0.82098  0.007486 0.39596  1.604 0.20807
Calcium Turbidity y = 0.0051856*x + 1.4094  0.018921 0.65827  1.3417  0.31654
Chloride y = —0.0029044%x +3.197 0.000543 0.57117  1.4288  0.14234
Ferrous y = 0.0031612*x + 0.13763  0.014954 12934  0.70663  1.5867
Nitrate y = 0.015704*x + 2.0315  0.089649 0.7484  1.2516 0.4968
pH y = 0.0014165"x + 7.1316 ~ 0.006686  1.111 0.88902 1.222
Magnesium y = 0.69708*x + 2.3928 0.30508 0.97651  1.0235  0.95303
Fluoride  y=0.00093543"x + 0.24526 0.019771 0.74791  1.2521 0.49582
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Y Parameters- Regression equation r H D PI
X (Fractal)
TDS y = —0.038294"x + 108.737  0.000172 0.56384  1.4362  0.12768
Alkalinity y = 0.62046"x + 90.0942 0.1511  0.53726  1.4627  0.074521
Hardness y = 0.67582*x + 109.2303  0.069075 0.82607  1.1739 0.65214
Sulfate y = 0.089831"x + 10.9473  0.043691 0.67248  1.3275  0.34495
Magnesium  Turbidity y = 0.0025611*x + 1.5419  0.007351 0.57726  1.4227 0.15451
Chloride y = —0.013693"x + 3.5007  0.019231 0.5427  1.4573 0.0854
Ferrous y = 0.0005026™x + 0.2510  0.000602  1.121 0.87899 1.242
Nitrate y = 0.012498"x + 2.2868  0.090436 0.70056  1.2994  0.40112
pH y = 0.0008809"x + 7.1622  0.004119 1.01946  1.0054  0.98923
Calcium y = 0.43765"x + 27.2961 0.30508 0.88407  1.1159 0.76813
Fluoride y = 0.0011794*x + 0.2470  0.050062 0.69593  1.3041 0.39186
TDS y = —0.16172%x + 112.1606  0.00488 0.52529  1.4747  0.050579
Alkalinity y = 0.16349"x + 110.361 0.01671  0.5019 1.5041  0.008196
Hardness y = 0.94027*x + 107.8115 021297 0.8051  1.1949  0.61019
Sulfate y = 0.009879*x + 14.3066  0.000842 0.62993  1.3701 0.25985
Fluoride Turbidity y = 1.7649"x + 1.1207 0.097003 0.82823  1.1718 0.65646
Chloride y = 1.1415"x + 2.7551 0.003714 0.76375  1.2362 0.5275
Ferrous y = 0.18644*x + 0.21372  0.002302 1.6654  0.33457  2.3309
Nitrate y = 2.0745"x + 2.0841 0.069242 1.0143  0.98566  1.0287
pH y = 0.20299*x + 7.1318 0.006077 1.4292  0.5708 1.8584
Calcium y = 21.1354*x + 34.7963 0.019771 12721  0.72787  1.5443
Magnesium y = 42.446™x + 18.7946 0.050062  1.3075 0.6925 1.615
TDS y = —77.0811"x + 129.021  0.030805 0.74411  1.2559 0.48822
Alkalinity y = 63.845"x + 97.3061 0.070809  0.7059 1.2941 0.41179
Hardness y = 43.9117"x + 124.3496  0.012907 1.0748  0.92515 1.1497
Sulfate y =20.7924*x + 8.7184 0.1036  0.89597 1.104 0.79193
TDS Turbidity y = 0.0025877*x + 1.3435  0.040221 1.0328  0.96716  1.0657
Chloride y = 0.010409"x + 1.963 0.059563 1.0908  1.0091  0.98171
Ferrous y = —0.0001491"x + 0.28255 0.000284  1.548 0.452 2.096
Nitrate y = —0.0039588"x + 3.0963 0.048631 0.94004 1.06 0.88008
pH y = 5.9129¢-05"x + 7.183 9.95E-05 1.0928  0.9072 1.1856
Calcium y = —0.004486"x + 41.267  0.000172 1.3135  0.68655  1.6269
Magnesium y = —0.030176"x + 34.0583  0.00488  1.3516  0.64839  1.7032
Fluoride  y=—0.0003996"x + 0.32624 0.030805 1.0191  0.98091  1.0382
Alkalinity y = 0.20175"x + 93.7774 0.13638  0.93687  1.0631 0.87375
Hardness y = 0.26534"x + 108.3566  0.090894 1.3517  0.64832  1.7034
Sulfate y = 0.037752*x + 10.565 0.06587  1.0279  0.97206  1.0559
Alkalinity Turbidity ~ y =0.0075049"x + 0.75479  0.10097  1.1155  0.88449 1.231
Chloride y = 0.021427*x + 0.60594  0.075324 1.0438 095622  1.0876
Ferrous y = 0.0012524"x + 0.12203  0.005981 1.6487  0.35134  2.2973
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Y Parameters- Regression equation r H D PI
X (Fractal)
Nitrate y = 0.00040404"x + 2.6254 0.000151 0.98687  1.0031
pH y = 0.0003732*x + 7.1463  0.001183 1.2073  0.79271 1.4146
Calcium y = 0.24353"x + 12.683 0.1511 1.4105  0.58949 1.821
Magnesium y = 0.10221*x + 19.0295 0.01671  1.4381  0.56193 1.8761
Fluoride y = 0.0011091*x + 0.1554  0.070809 1.0896  0.91044 1.1791
TDS y = 0.67597*x + 29.1685 0.13638  1.0559  0.94412 1.1118
Hardness y = 0.53406™x + 75.1633 0.1099  1.4326  0.56739 1.8652
Sulfate y = 0.12922*x + —0.30058 0.23032  1.0907  0.9093 1.1814
Hardness Turbidity y = 0.0027505"x + 1.2446  0.035196 0.73752  1.2625 0.47503
Chloride y = 0.0077766"x + 2.0148 0.02575  0.6886 1.3114 0.37721
Ferrous y = 0.0005587*x + 0.19012  0.00309  1.1735  0.82654  1.3469
Nitrate y = 0.0013699"x + 2.4847  0.004511 0.69629 1.3037 0.39259
pH y = 0.0001197*x + 7.1729  0.000316 0.91947 1.0805  0.83895
Calcium y = 0.10221*x + 26.8046 0.069075 0.97954  1.0205  0.95908
Magnesium y = 0.2265"x + —0.15996 0.21297  1.0545 0.9455 1.109
Fluoride y = 0.0002939*x + 0.2432  0.012907 0.74932  1.2507  0.49865
TDS y = 0.34256*x + 60.3158 0.090894 0.68805 1.312 0.3761
Alkalinity y = 0.20579*x + 87.25 0.1099 0.64706  1.3529 0.29411
Sulfate y = 0.044992*x + 8.4565 0.072467 0.73569  1.2643 0.47139
Sulfate Turbidity y = 0.0066538"x + 1.5236  0.005754 0.93736  1.0626 0.87472
Chloride y = 0.13279*x + 1.1384 0.20972 0.89036  1.1096 0.78071
Ferrous y = 0.00823"x + 0.14631 0.018721 1.6664  0.33359 2.3328
Nitrate y = —0.0061497*x + 2.7619  0.002539 1.0315 0.96846  1.0631
pH y = 0.0034876"x + 7.1384  0.007486 1.3298  0.67025 1.6595
Calcium y = 0.48637"x + 33.6799 0.043691 1.3417  0.65832  1.6834
Magnesium  y = 0.085194"x + 29.5794  0.000842 1.3882  0.61179 1.7764
Fluoride y = 0.004982*x + 0.21061 0.1036 1.051 0.94905 1.1019
TDS y = 1.7448"x + 81.682 0.06587  0.8804 1.1196 0.76081
Alkalinity y = 1.7825%x + 89.3566 0.23032 0.82887  1.1711 0.65774
Hardness y = 1.6107*x + 113.2606 0.072467  1.2378 0.76216 1.4757
Table 2.

Regression equation, coefficient of correlation, Hurst exponent, fractal dimension, and probability index
between water pavameters at Tehri District.

of the statistical and fractal analysis is shown in Table 2, and each WQI analysis is

discussed subsequently.

4.1 Turbidity

The turbidity sample datasets exhibit normal behavior as the mean, median, and

mode values are approximately equal. Standard deviation is found to be 1.5 and
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suggests that the sample data points are close together. The positive skewness
(1.747) of data points reveals that the curve is not symmetrical, and the kurtosis
value 3.13 shows that the sample datasets are platykurtic. Turbidity has persistent
behavior with chloride, nitrate, fluoride, TDS, alkalinity, and sulfate and anti-
persistent behavior with ferrous, PH, Ca, Mg, and hardness parameters.

4.2 Chloride

Mean and mode values are in the order of +0.5, and thus the data show normal
behavior even though the median is 0. High standard deviation (5.009) is observed
between sample points. Skewness value (1.52) suggests that the curve is not sym-
metrical, and the kurtosis value (1.3) is less than 3. Chloride has the Brownian time
series (true random walk) behavior with Fl, sulfate, and turbidity parameters. Thus,
the curve is platykurtic. Chloride has persistent behavior with turbidity, nitrate,
TDS, and alkalinity and anti-persistent behavior with Fe, PH, Ca, Mg, and hardness
parameters.

4.3 Ferrous (Fe)

Average, median, and mode values are approximately equal, and thus the data
show normal behavior. Standard deviation value (1.031) exhibits that the sample
points are close to each other. Skewness value (11.713) suggests that the curve is not
symmetrical, and kurtosis value is very large; thus, the curve is not platykurtic. The
sample dataset containing heavier outliers and Fe has Brownian time series (True
random walk) behavior with nitrate, fluoride, and hardness parameters. It has
persistent behavior with pH, Ca, and Mg and anti-persistent behavior with chloride,
TDS, alkalinity, and sulfate parameters.

4.4 Nitrate

Mean and median values and standard deviation are approximately equal; thus
data exhibit normal behavior. This suggests that the sample data are close to each
other. The skewness value (1.011) and kurtosis are less than 3; hence the curve is
not symmetrical and platykurtic. Nitrate has persistent behavior with turbidity,
chloride, fluoride, TDS, alkalinity, hardness, and sulfate and anti-persistent behav-
ior with Ca, Mg, Fe, and PH parameters.

4.4.1 pH

Average and median are almost same, i.e., 7.189 and 7.20, respectively, whereas
the mode of pH is 0.25. These values are approximately equal and hence exhibit the
normal behavior. Standard deviation (SD) is 0.691, and skewness is close to 0, and
all values are also close to each other; thus pH is symmetrical. The curve is not
platykurtic, as kurtosis is very large 74.92. It shows the Brownian time series
behavior with fluoride (Fl) parameter; persistent behavior with Ca, Mg, Fe, and
nitrate; and anti-persistent performance with different parameters, i.e., turbidity,
chloride, TDS, alkalinity, hardness, and sulfate.

4.4.2 Calcium
Mean, median, and mode values are not close to each other; thus the curve does

not show normal behavior. High standard deviation (~40) indicates that the Ca
values are very much distributed from each other. It is positively skewed, and the
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curve is not platykurtic. With few parameters, i.e., turbidity, chloride, TDS, alka-
linity, hardness, Mg, F1, TDS, and sulfate, it shows persistent behavior and anti-
persistent behavior with Fe and pH parameters.

4.4.3 Magnesium

Mean and mode values are 30.75 and 22.0, respectively, and median is 0, so the
sample dataset are not same, and thus the curve does not show normal behavior.
Standard deviation value is high (50.368); thus, the values of Mg are very much
distributed with each other. It is positively skewed, and the curve is not platykurtic.
Mg has Brownian time series (true random walk) behavior with pH and alkalinity
parameters. Mg has persistent behavior with turbidity, chloride, nitrate, Ca, TDS,
hardness, Fl, and sulfate and anti-persistent behavior with Fe parameters.

4.4.4 Fluovide

Mean and median values are approximately equal, and thus the curve shows
normal behavior. Standard deviation value (0) suggests that the sample data are
close to each other, and the skewness and kurtosis value suggest that curve is
platykurtic. FI has Brownian time series (true random walk) behavior with nitrate
and hardness parameters. Fl has persistent behavior with turbidity, chloride, TDS,
alkalinity, and sulfate and anti-persistent behavior with Fe, pH, Ca, and Mg
parameters.

4.4.5 Total dissolved salts (TDS)

Mean, median, and mode values are different; thus, the curve does not follow
normal behavior. Standard deviation value is high (116.57); thus the values of TDS
are not close to each other. TDS has Brownian time series (true random walk)
behavior with turbidity, chloride, pH, Fl, and sulfate parameters. It is negatively
skewed and the curve is platykurtic. TDS has persistent behavior with alkalinity,
nitrate, and chloride and anti-persistent behavior with Fe, Ca, Mg, and hardness
parameters.

4.4.6 Alkalinity

Average, median, and mode (1.27) values are nearly equal to each other, and
sample data exhibit normal behavior. High standard deviation (63.72) is observed
between the datasets, with the skewness value (0.331) which is close to 0. The
kurtosis value is less than 3; thus the curve is symmetrical and platykurtic. It has
Brownian time series behavior with chloride, Fl, TDS, and sulfate parameters.
Alkalinity has persistent behavior with nitrate and anti-persistent behavior with
turbidity, Fe, pH, Ca, Mg, and hardness parameters.

4.4.7 Hardness

The data series does not exhibit normal behavior as the mean and median values
are a having large difference with the mode value (95.0). Standard deviation value
(102.5) suggests that data are spread out, and skewness values observed to be 1.49;
hence the curve is platykurtic. Only with Mg parameter, it has Brownian time series
flow. Hardness has persistent behavior with turbidity, chloride, nitrate, PH, Ca, Fl,
TDS, alkalinity, and sulfate and anti-persistent behavior with Fe parameters.
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4.4.8 Sulfate

Mean and median values are different and mode value is 0. Standard deviation
(17.16) reveals that the dataset has distributed form. The skewness value is equal to
2.40 with larger kurtosis value, i.e., 7.22, which indicates that the curve is not
symmetrical. It has true random walk flow with Fl and nitrate parameters. Sulfate
has persistent behavior with turbidity, chloride, TDS, and alkalinity and anti-
persistent behavior with hardness, Fe, PH, Ca, and Mg parameters.

5. Conclusion

The water parameters from different sources in the Tehri District of
Uttarakhand have shown the non-platykurtic curve. The analysis of most of the
water parameter combinations has shown the Brownian time series behavior with
each other. The irregular pattern in the WQI can be used for prediction purposes by
deciding if its dynamic follows a chaotic, random, or deterministic structural pat-
tern. Mostly all groundwater variables like turbidity, chloride, iron, nitrate, pH,
calcium, magnesium, fluoride, TDS, alkalinity, hardness, sulfate, etc. are affected
by each other. The pH of the sample datasets shows the Brownian time series
behavior with fluoride (Fl) parameter; persistent behavior with Ca, Mg, Fe, and
nitrate; and anti-persistent performance with turbidity, chloride, TDS, alkalinity,
hardness, and sulfate. Turbidity, chloride, nitrate, fluoride, TDS, alkalinity, sulfate,
and chloride have shown persistent behavior with each other. Fe has persistent
behavior with pH, Ca, and Mg, and nitrate has persistent behavior with turbidity,
chloride, fluoride, TDS, alkalinity, hardness, and sulfate. pH has persistent behavior
with Ca, Mg, Fe, and nitrate. Turbidity, chloride, TDS, alkalinity, hardness, Mg, Fl,
TDS, sulfate, and Ca show persistent behavior. Mg has persistent behavior with
turbidity, chloride, nitrate, Ca, TDS, hardness, Fl, and sulfate. Fl has persistent
behavior with turbidity, chloride, TDS, alkalinity, and sulfate. TDS has persistent
behavior with alkalinity, nitrate, and chloride. Alkalinity has persistent behavior
with nitrate only. Hardness has persistent behavior with turbidity, chloride, nitrate,
pH, Ca, Fl, TDS, alkalinity, and sulfate. Sulfate has persistent behavior with turbid-
ity, chloride, TDS, and alkalinity.

Turbidity and chloride have anti-persistent behavior with Fe, pH, Ca, Mg, and
hardness parameters. Fe has anti-persistent behavior with chloride, TDS, alkalinity,
and sulfate parameters. Nitrate has anti-persistent behavior with Ca, Mg, Fe, and
pH parameters. pH has anti-persistent performance with different parameters, i.e.,
turbidity, chloride, TDS, alkalinity, hardness, and sulfate. Mg has anti-persistent
behavior with Fe parameters only and Ca with Fe and pH parameters. FI has anti-
persistent behavior with Fe, pH, Ca, and Mg parameters. TDS has anti-persistent
behavior with Fe, Ca, Mg, and hardness parameters. Alkalinity has anti-persistent
behavior with turbidity, Fe, pH, Ca, Mg, and hardness parameters. Hardness has
anti-persistent behavior with Fe parameter only, and sulfate has anti-persistent
behavior with hardness, Fe, PH, Ca, and Mg parameters.

The persistent behavior is observed among the various indices which reveal that
the variations of the water quality parameters are under an acceptable range with
each other. This study is focused on the utility of the Hurst exponent, fractal
dimension as an analysis tool, and predictability indices (PI) along with regression
and coefficient of correlation among the water quality time series data points. It is
concluded that the fractal analysis is a better statistical and mathematical tool to
calculate water quality indices. Fractal analysis among the various parameters
suggested that the water samples are good for drinking and the health.
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