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Abstract: Knowledge on water quality and its assessment, is necessary for both human health and environmental
benefit. To account for spatial distribution, surface water quality parameters were analysed using integrated
interpolation, geographical information systems (GIS) and multivariate analysis. A total of 19 locations and 13 water
quality indicators were analysed, for a duration of six years (2018-2024). The study's main objective was to assess
the seasonal and regional variations in the water quality index (WQI) of Mahanadi River in Odisha using (N) pi, (S)
pis (O)pi, (C) pi, (E)y-WQI, Int w-WQI and Multivariate Statistical tools namely Factor Analysis (Fa). However, in the
current investigation, pH, HCO3", Na*, K* and Mg?" were within the permissible limits as per WHO standards.
According to this study, the order of prevalence of ion concentrations is signified as follows: Mg?* > Ca*" > K* >
Na" for cations and HCO3 > CI-> SO4? for anions. The analysis of (N) pi indicated that about 15.79% of the sampled
area, is affected by turbidity content, which is highly unsuitable for consumption. However, the remaining area
(84.21%) is within the safe category of water. Classification of water based on (S) pi represents most of water samples
falls between good water quality. Three unsuitable samples is noted as a result of excessive TDS and EC. In case of
(O)pi, over 84.21% of the samples fell into categories of excellent, indicating the suitability for human activities.
Using surface water quality results from (C) pi model, that reflects that out of 19 samples, 16 were suitable for
drinking. Whereas 2 were polluted and 1 is seriously polluted, thus promotes unsuitability. Although there are several
established techniques for calculating the WQI, the current study uses the quality index to consider a variety of water
quality concerns in a cohesive manner. Meanwhile, in case of (E)y-WQI, 84.30% were excellent whereas 10% and
5% were poor and high polluted category. Over 42.11% of the samples fell into the categories of poor/very poor/not
suitable, using the Int w-WQI diagram. Therefore, using these six approaches resembles a precise and comprehensive
method to comprehend water quality in relation to pollution for human usage. In later stage, a factor analysis (Fa)
can be applied to lessen the subjectivity and dimension of water quality characteristics. It reveals that the first five
principal components explain almost 95.61% of dataset variation. This method removes the aggregation problems,
weighting, opacity, and biases seen in traditional water quality evaluation techniques. The results of Fa suggested
that turbidity, TKN, Ca?" and CI-, were the primary determinants of the water's quality. The amount of organic
pollution that was released into the river was influenced by anthropogenic activity in the vicinity of the river. In
addition, the traditional dense habitation next to the river and the manufacturing waste that is transported from
upstream to downstream are the sources of the high amount of TKN in urine and faeces. Therefore, given the high
spatial distribution of geogenic turbidity and TKN occurrence, the study's findings minimize uncertain causes and
offer insights into surface water pollution regimes. They will also be useful to policy makers in helping to better
plan, allocate resources, and manage the area's potable water supply.
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1. Introduction

The demand for water is rising globally, making efficient management of water resources a major problem,
especially in areas with erratic and unpredictable precipitation patterns [1]. Likewise, the quality of the water on
the planet has been steadily declining for decades due to the combined effects of manmade and natural factors.
Meanwhile, the rate of pollution in the environment has increased due to rapid industrialization, urbanization, and
human habitation development. However, surface water quality is essential to preserving the aquatic ecosystem's
natural state. The availability of water is always vital to the local population since it sustains life and the global
economy [2]. However, because of the world's population growth at a rapid pace and the declining capacity of
existing water resources, the relevance of both national and global water resources has increased. Further,
numerous studies have documented variations in surface water, river flow, and the temporal and spatial
distribution of water as a result of variations in temperature, evaporated state, and precipitation rates. Because of
the lowering water table, unfavourable effects from agricultural use, mining, growing urbanization, and climate
change, limited surface water supplies are under increased stress [3]. Increased water usage for irrigation and
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domestic uses as a result of the growth of agriculture and urbanization has directly affected changes in land use
and cover, water scarcity, flood hazards, and soil erosion, all of which have an impact on living conditions. Also,
human-induced climate change and land-use change scenarios have sparked worries about the sustainability of
water resources all throughout the planet. Water resources worldwide may be negatively impacted by the
combined effects of land-use change and climate change, which may also have a severe influence on water
quantity and quality [4]. In order to properly manage water resources, it is possible to analyze issues with water
pollution, identify possible sources of contamination, and give information assistance and reference through the
use of dynamic spatiotemporal evaluation of water quality. Thus, before water is used for human consumption, it
is imperative to assess its purity [5]. Thus, comprehending these complex relationships makes a substantial
contribution to the discipline since it holds the key to sustainable methods that might lessen adverse effects on
ecosystems, water quality, and the long-term stability of the landscape. For thorough research and successful
prevention and management of surface water contamination, dependable data on water quality are essential [6].
Consequently, improvement of surface water has thus been given priority in research areas related to water
resource management. A long-term monitoring program should be created to precisely evaluate the
physicochemical and biological properties of surface water, taking into account the spatiotemporal variance in
those features [7]. Hence, comprehensive information on the heterogeneity and connectedness of water quality, as
well as the main mechanisms governing surface water flow and quality, can be obtained by carefully analyzing
the chemistry of surface water and its geographic variation [8]. Incorporating water quality index (WQI),
consistently serves as a helpful technique for assessing the shift and direction of the water environment quality by
combining several original parameters into a single index. Using WQI to assess aquatic ecosystems has several
benefits, one of which is the easy reproducibility of presenting vast amounts of previously available data on water
quality in a single index value [9]. Hence, when it comes to classifying the water quality for public and sustainable
water resource development, our designed index is comparatively user-friendly. In a similar vein, the specified
water quality standards' allowable limits are taken into account while determining its index value. Since it
functions like a single index value, that is connected to a possible classification scheme for water use, that aids in
determining the aquatic resource's ecological potential. The single index value and the classification scheme it is
associated with are essential components of the framework for determining the most important course of action
for sustainable and efficient management [10]. Again, the WQI model makes it easier to make decisions and plan
for the management of water resources at the district, regional, and national levels because it is more adept at
clearly identifying the overall condition of an aquatic ecosystem using a single index than other more thorough
analytical methods like traditional water quality assessment programs [11]. In addition, numerous adjustments
were produced in compliance with the guidelines, and a large number of extra indexes were made. The difficulty
is figuring out whether the variations in water quality are more likely to be caused by biogeochemical changes in
natural processes or by human activity contaminating rivers [12]. Pollution Index (PI) models like such as
Numerow Pollution Index (N i), Synthetic Pollution Index (S ,i), Overall Index of Pollution (O ;) and
Comprehensive Pollution Index (C pi) has been presented in the current investigation. Unlike the WQ models,
together, these methods assess the water quality by quantifying the extent of surface water body contamination.
As a result, these models frequently exhibit lengthy persistence as well as bioaccumulation and biomagnification
in aquatic compartments [13]. For this, the most used indexing technique for assessing surface water quality for a
variety of applications is the (N ). This model frequently determine the portion of heavy metal pollution in water
bodies that is caused by humans [14]. As a method for evaluating the water quality, in order to describe the overall
water quality condition and grade, it integrates several factors into a dimensionless variable and assigns a relative
weight to each parameter based on its significance that helps in protecting the aquatic environment [15]. Since, it
uses or creates a single index value as a measure of pollution, adopting the same methodology as WQI models, so
applying (S pi) value is frequently evaluated in comparison to ideal values and standards in order to be categorized
as highly or lowly polluting water [16]. On the other hand, because it offers a straightforward, reliable, and
verifiable unit of measurement and disseminates information about water quality to decision-makers and
concerned citizens, it serves as a useful instrument for expressing water quality. However, because of the
interactions between experts, this model aims to remove some of the biasing effects [17]. To estimate the level of
contamination throughout the river basin, (O i) is applied, and it uses an integrated method by converting
parameters into a single value index that allows for the recognition of even minute changes in the amount of any
input parameter to define water quality. As an adequate indicator, it provides an easy-to-read, fact-based overview
of water quality and potential changes [18]. Moreover, using this for several objectives, it could take a lot of time
and be ineffective for a single study, whereas (C ;) can offer a conceptual representation of the water quality based
on any input parameters and be used, with the suggested standards of the parameters taken into consideration, for
a number of specific purposes [19]. These indexes are considered as useful tools for quickly interpreting the
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quality of water. They combine several physical, chemical, and microbiological factors to produce a numerical
value that permits a given degree of pollution and to show the condition of the water in rivers and other bodies of
water at the moment [20]. So, it functions as a very useful and efficient method of assessing water quality and
sharing data regarding general water quality. Nevertheless, the majority of these indices do not take into account
the realities of each zone; rather, they are typically chosen, given a subjective weight, and then converted to a
scale. One of the major studies by [21], that offers a thorough analysis of the WQI's development throughout time,
identifies significant constraints in the index-building process, and offers suggestions for overcoming those
restrictions [22]. The sensitivity of the index can be impacted by significantly weighted characteristics, indicating
that weighing of the parameters is quite essential, as per the way, on which the water is utilized for irrigation,
drinking, or domestic uses [23]. Therefore, a slight adjustment to the weight distribution will have an impact on
how water quality is interpreted overall. To get around the inaccurate parameter weighting, Entropy (Ey) and
Integrated-Weighted (Int )-WQI, are frequently employed techniques for calculating relative weights of
parameters. The concept of information entropy (Ey), was initially put forth by [24] and is a useful method for
supplying probability and uncertainty. After then, the variations brought on by human factors can be avoided since
this novel method establishes the index weight based on the degree of fluctuation of each index value. In the latter
scenario, the higher the entropy score, the larger the fraction generated within each pollutant group or within the
component contribution, and the lower the quality of the water [25]. However, entropy weights possess drawbacks
as well, such as instability traits brought on by variations in sample size and value and the failure to take into
account index conflicts. To make up for the deficiencies, use of (Int ) approach, has been utilized to compare and
evaluate the various possibilities in order to choose the best solution [26]. Under unidentified circumstances, this
method helps to choose the best and most appropriate answer by offering a systematic approach. As a result, the
combination of these approaches enables a more objective and nuanced assessment of many criteria and sub-
criteria [27]. The novelty includes the methodical organization of the decision hierarchy, the exacting pairwise
comparisons used to establish the weights of the criteria, and the use of these indexing WQ procedures for spatial
analysis afterward. So, this complicates the procedure, even if the computations are straightforward [28]. Thus,
previous studies have demonstrated that simulations based on deterministic water quality models frequently
produce false findings because these models are unable to handle the flaws and ambiguity in the underlying data
or adequately depict the complexity of water quality, which depends on numerous factors [29]. To achieve the
goals, we have employed a thorough modeling strategy that comprises of multivariate statistical tools (MST) such
as Factor Analysis (Fa.). In an extensive assessment of the quality of the water, the challenge is to ascertain if the
biogeochemical alterations in natural processes or human activity contamination of rivers should be blamed for
the changes in water quality [30]. Thus, F, has been extensively used to assess the quality of water, has the ability
to remove unnecessary information without sacrificing important information, and can simplify data dimensions
from complicated water quality data matrices [31]. Hence, with the least amount of information lost, this method
extracts a limited number of components that capture the key patterns of complex multivariate data and visualizes
the outcome in a low-dimensional space. Consequently, it lessens arbitrary assumptions and raises the index's
accuracy [32]. Among the various MS techniques, F, is the dimensionality reduction approach that is most
frequently used in the assessment and gathering of statistical data to clarify and explain relationships between
various variables that are included in the dataset [33]. Hence, this application helps in the examination of intricate
data matrices in order to clearly comprehend the water quality and identify potential influences on the water
chemistry in an ecosystem [34]. In later stage, spatial analysis is the practice of using data analysis to find trends
and comprehend how geographical features and occurrences relate to one another spatially. The spatial distribution
of surface water quality groups, was further investigated by plotting the geographic membership values of each
group on a map, which offered a helpful perspective on the hydrogeochemical and quality attributes of surface
water [35]. It necessitates the use of a Geographical Information System (GIS), to produce maps and do geographic
feature analysis in order to visualize and work with spatial data. The GIS methodology, when combined with the
IDW interpolation method, has been used in recent years to regularly examine and monitor the quality of surface
water. This technique has shown to be an effective means of studying and assessing spatial data related to water
resources [36]. Thus, when combined with spatial statistical models, it could prove to be a useful instrument for
urban and regional planning. The IDW interpolation technique employed in this investigation, is currently a useful
method for surface water quality parameter spatial interpolation, resulting in the creation of spatial distribution
maps [37]. Several studies have effectively identified possible outcomes using GIS, and they have spatially
modeled urban social components [38]. Because of this, GIS and MS techniques can be used to provide tools for
systematic overlaying of many quantitative and qualitative criteria on a single platform. This has proven to be
highly helpful in agricultural management studies [39]. Given that the Mahanadi River provides water in the State
of Odisha, for its use in agriculture, energy production, fishing, consumption by people, industry, and aquatic life
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habitat. However, the increasing urbanization of the area, intense farming practices, and the discharge of
household and industrial waste water have all had an impact on the waterways [40]. So, this investigation yields
a thorough knowledge of the water quality in terms of pollution status, quality in comparison to surface water
criteria, and ecosystem viability. Therefore, in order to identify a clear relationship between spatiotemporal
oscillations and the effects of water pollution, 13 water quality measures were kept under observation during a 6-
year period (2018-2024), at nineteen distinct sites, that produces an enormous data matrix. But none of the
researchers concentrated on defining the river with a clear knowledge of the overall condition of the river water
through the combination of multivariate statistical analysis and WQI, which would have greatly informed future
underlying research needs and strategies for efficient and sustainable management. Therefore, the main objectives
for the study are (1) to ascertain the water quality characteristics through the adoption of four indices with support
of Ey and Int  method, (2), to analyze the parameters concentration of the rivers spatiotemporally through ArcGIS
interpolated maps and finally, (3) using Factor Analysis (Fa), it assists in extracting data from monitoring stations,
identifying the key classification variables for spatial variations in water quality, analyzing the potential influences
on water quality in various regions with varying levels of contamination, and investigating potential sources of
contamination. Additionally, this will assist local stakeholders, governmental organizations, and managers of
water resources in putting into practice sustainable surface water resource management techniques or updating
techniques from previous decades for efficient management.

2. Materials and Methods
2.1 Study Area

The study area comprised the Mahanadi River System [41] and is situated in the region between the longitudes
80°30’ and 86°50° E and latitudes 19°20’ and 23°35°N, which is bordered by the Maikalahill range to the west,
the East Gates to the south and east, and the Central Indian hills to the north. This basin also, scatters around 141,
589 Km?, which thereby, represents around 4.3% that was of the country's land area. In this specific case, the
catchment area for the region gets distinguished in larger portions in Orissa, that reveals about 65,600 Km? and
Chhattisgarh State, that approximately detailed as 74970 Km?, while the smaller parts of Jharkhand, contribute of
650 Km?, Maharashtra as 250 Km?, and finally, Madhya Pradesh represents about 130 Km?. Additionally, it is
noteworthy that one of the biggest peninsular rivers in eastern India, it spans 851 km from its source to its
confluence in the Bay of Bengal, with 357 km falling within the states of Chhattisgarh and Odisha. In addition,
the main source of crops that are grown are: rice, sugarcane, and oilseeds, that listed are the principal crops grown
in this river. Generally, the Mahanadi River's average yearly discharge is around 1895 m3/sec, reaching its highest
point of about 6352 m?/sec, when the summer monsoon arrives, while at least 759 m>/sec, contributes towards the
dry season i.e., from October to May. For this purpose [42], this river has a tropical monsoon environment, with
records for the highest July temperature reaching up to 45 °C and in the winter, the temperature stays at about
25°C, respectively. However, the most of the rainfall, roughly 75% occurs in the summer, from mid-June to mid-
September, during the Southwest monsoon. Additionally, it receives about 140 cm of precipitation on average
each year [43]. Likewise, the interchange of these crops through the nearby, well-developed towns or cities in the
state of Cuttack is facilitated by a respectable transportation network. The Hirakud reservoir is employed in the
production of hydropower, irrigation, and flood control, and the reservoir's installed capacity is fixed at 347.5
MW, coupled with a culturable command domain, that reflects about 235,477 ha. Consequently, the dam’s design
flood is termed to be 42,450 m3/sec of its maximum spillway capacity, that signifies in the present study area. The
local farmers who cultivate crops for the sale in and around cities or towns as their primary source of income
benefit from this exchange [44]. The section of the river used for this investigation, consisted of three sections
and nineteen sampling locations, such as upstream, midstream, and downstream (Figure 1).
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Figure 1. Location of Mahanadi River, Odisha, and water sampling sites in the studied area
2.2 Sample Analysis

The river basin's field verification maps and well inventory survey, were completed with the aid of toposheets,
that has been obtained from the Survey of India (SOI). For determination of locations, Global Positioning System
(GPS) is adopted to record the location and its altitudes. In the ongoing work, water samples were gathered at 19
sample locations, during the timeframe of 2018-2024 in pre-monsoon season. When selecting the parameters to
assess the water quality, it is crucial to carefully take into account a number of factors. These samples were
gathered in 1-liter high density polyethylene plastic bottles prior to testing, and they were then utilized in a lab
setting for additional physicochemical investigation. First, reviewing earlier studies on assessments of water
quality in similar rivers or locations may provide information on features that are often assessed [45]. Also, it is
crucial to understand the local environment, topography hydrology, and the impact of humanity. The reported 13
water quality criteria were assessed and chosen based on World Health regulations. The State Pollution Control
Board (SPCB) carried out the water sample analysis, in accordance with the standard operating procedure, as
directed by the American Public Health Association (APHA) standards and has adopted adequate sample
preservation guidelines, as stated by WHO [46], and every sample was examined using several criteria. Further,
the samples were moved into the lab of C.V. Raman College of Engineering, Odisha, that were cross-checked by
which frequent runs of established standards and blanks were performed in between samples to prevent errors and
preserve the instrument's quality, accuracy, and precision [47]. The chemical analysis of water was carried out
using the duplicate analyses method. The 13 water quality parameters and salts include: Temperature, Electrical
conductivity (EC) and the concentration of hydrogen ion (pH) were examined using a digital thermometer, EC
meter and pH meter. In addition, Total dissolved solids (TDS) are acquired by multiplying the EC by a factor
(0.55-0.75), according to the equivalent amounts of ions. The bicarbonate (HCOj3") ion is estimated by HCI
titrimetric method, while the calcium (Ca®") is examined by EDTA volumetric method. Further, sodium (Na*) and
potassium (K*) were measured by flame photometer while the Chloride (Cl) was measured using AgNOj3
titrimetric method. Total kjeldahl nitrogen (TKN) was determined using the spectrophotometer, while the turbidity
is estimated using turbidity meter. Remaining parameters like magnesium (Mg?") is measured by standard
methods, as implemented according to APHA guidelines. The chemical parameters' units, in this ongoing
investigation, were indicated by milligrams per liter (mg/L), except for parameters like pH (non-dimensional) and
also, EC (uS/cm at 25°C). The concentration of cations (Ca?", Mg?*, Na* and K*) and anions (HCOs", CI, and
SO4*) are expressed in mg/L of each surface water sample were computed for checking the accuracy of the
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analyzed results, using charge balance error (CBE). This is expressed in %. The computed CBE of the water
samples is <5%, which is within the limits of acceptability, indicates the reliability of the analyzed results.
Moreover, plotting different thematic layers was done using the ArcGIS software of version 10.8 spatial analysis
module. Using GIS, the IDW approach was utilized to create spatial variation plots of the WQIs categories. The
study intends to pinpoint an area that may potentially have surface water availability in the Mahanadi Watershed
in Odisha. Modern, sophisticated computational techniques have been applied in a number of research lately to
lower model uncertainty. Seven models were created in this study using statistical techniques and indexing
algorithms. However, the specific data relevant for the study was obtained from State Pollution Board, Odisha,
while the toposheets were gathered from Survey of India (SOI). These thematic layers are essential to
comprehending the hydrological circumstances that affect the existence of surface water. They provide a strong
foundation for a thorough assessment of the surface water potential of a given area. The specifics of the study's
methodology are provided in Figure 2.
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Figure 2. Conceptual framework for selecting robust combination of water quality indicators to develop a novel
water quality index model

2.3 Numerow Pollution Index ((N) pi)

The current study used (N),;, that acts as an overall pollutant indicator to account the combined influence of several
pollutants for a given application [48].

As per [49], it is calculated using the following eq. (1) as given by
D= (P)k/ (I)k
(N) pi =X Dx 1)

where (D)x is the nth parameters pollution index. The term (P)x, describes the observed value while (I)k is
interpreted as k™ parameter’s permissible value. In this model, four primary types of water have been
distinguished, based on (N) ,; values. Between 10 and 20, it indicates excellent; good water has a range of 20 to
30; very poor has in between 30-40 and ultimately, higher than 40, indicates about unsuitability for drinking.

2.4 Synthetic Pollution Index ((S) pi)
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As addressed by [50], this technique developed a surface water pollution index to evaluate the relative influence
of each chemical parameter on the overall quality of the surface water suitable for drinking requirements.
However, this serves as a helpful tool for managers, decision-makers, and the general public to view the water
quality data [51]. The value of (S) ;i was determined using the subsequent equation Eq. (2):

() =2k (g) *Xp )

where (T)p represents the analytical value of the water quality parameters, (X), is the weight of each
physicochemical parameter and (U), stands for the standard value of the water quality parameters recommended
by WHO. By designating (T)p of the water quality indicators, as the suggested baseline, beyond which, the water
is not suitable for consumption, and this model's critical value was evaluated. Consequently, the value represents
the total effects of numerous water quality criteria that are thought to be harmful to residential water. The rating
scale is suggested as 0-0.25, that signified as excellent, 0.25-0.50 is classified as Good; between 0.50 and 0.70,
grouped as Poor water; value of 0.75-1, as Very poor and finally, worst water quality is being obtained when its
index value >1.

2.5 Overall Index of Pollution ((O)pi)

The applicability of the (O)pi index reflects the water's health quality in Indian circumstances and is employed to
determine the contamination level for each water sample, which is used to evaluate the quality of the water [52].
The ultimate value was calculated using the equation Eq. (3), that follows as:

(O)pi = (1/u) * Yx=1 (Z)x A3)

where (Z)x reveals about pollution index value for the x ™ parameter, ‘u’ signifies as the number of parameters,
(Z)x = ((R)u: observed value of parameter))/ ((R)s: Standard value of parameter). According to its categorization
[53], pollution index is classified into 5 classes as excellent (OIP<1.9, class C;), acceptable (OIP<3.9, class C»),
slightly polluted (OIP<7.9, class C3), polluted (OIP<15.9, class C4) and heavily polluted (OIP>16).

2.6 Comprehensive Pollution Index ((C) pi)

This index Measure the concentrations of each specific drinking water quality standard and assess the overall
quality of the water [54]. Based on the equation below, the results of water quality were determined as given in

Eq. (4):
(C) pi=1/d * T2_, (H)i (4)

where d represents number of monitoring parameters; (H), explained the pollution index number. As a result, (H),
is calculated as per Eq. (5):

(H)p = (B)p /(M) Q)

where (B), corresponds to the measured concentration of parameter’s number in water and (M), refers to the
permitted limitation of parameter number according to environmental standard [55]. Based on this, division of
different classes is carried out as per (C) pi score. If its value is between 0 and 0.20, surface water is in clean
category; 0.21 to 0.40, holds a property, present in sub-clean category; 0.40-1.0 is represented by slightly polluted
water; value among 1.01 to 2.0, signifying polluted water in the study area and finally, higher than 2.01, surface
water stands as heavily polluted category.

2.7 Entropy (Ey)-Water Quality Index (WQl)

This technique has evolved as a helpful method that replaces traditional WQIs, which are typically based on
Delphi, and the analytical hierarchy method, which typically depend on assigning weights to factors based on
expert and subjective judgment [56]. To get beyond this, it uses information entropy to give water quality criteria
weights. Furthermore, this creative approach illustrates how to assess the spatiotemporal variability of a water
source's water quality by creating a straightforward WQI calculation procedure that requires less work and
produces more accurate results for surface and subsurface water quality assessments [57]. Hence, this model
demonstrates the practicality and reliability of applying entropy theory, which has been extensively used to
allocate air pollution and riverine pollution sources, to the allocation of water pollution sources by evaluating the
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contributions of potential pollution sources [58]. So, efficacy of the entropy approach's recommended procedures,
depend on the standard vocabulary for distinguishing and addressing complex water concerns, as well as the
conceptual basis used for evaluation processes [59]. This (E),-WQI model is categorized into five classes: <50
(excellent zone), 50-100 (Good class), 101-150 (medium zone), 150-200 (poor zone), and >200 (denotes the water
to be “extremely poor” or ‘unsuitable’ to use). The formulas for establishing and prioritizing the selection criteria,
calculating the revised weight, and estimating the coefficient of each criterion and finally, the relative weight
calculation (W);, are advisable by [60]. A flow chart illustrating the modelling steps is shown in Figure 3.
Lastly, the combinations of weights and a Quality rating scale, that is expressed as ((L)n), is given by Eq. (6):

E)-WQI=2 (W); * (L) (6)

Where, (L) for each parameter is given as the ratio of the monitored value of the n parameter (V), to its standard
value (S)n, is given in Eq. (7):

(L)n = (V /S n) ¥100 7)

Hence, several Artificial Intelligence (Al) disciplines, such as data analysis, pattern recognition, control systems,
and decision-making, employ this reasoning. Thus, it is especially helpful when there is little or conflicting
information available, as traditional reasoning might not be able to offer unambiguous answers [61].

r .
! I Weight Based on Entropy '
| | Weighted Method "I
- e e - - = m— m— om— —

|
I P :
. TG — () ep- |
1 M A Nin .
. Y = : : Step-3 1

Mt =0 N

< T Inen Zj ; yinyy Step—4 |

I Yy + 102

v if (viy + 10—%) I SteD-5 I |
R R !
. > (1 ;) tep- !

Figure 3. Flowchart of (E),-WQI, showing the steps taken to preprocess and model concentrations of
physiochemical parameters across the sampling locations

2.8 Integrated-Weight (Int w)-Water Quality Index (WQI)

This new approach has been defined by the adoption of two concepts, entropy, and CRITIC, as the primary metrics
for surface water quality classification based on the application of standard parameters during surface water
characterization [62]. However, the prevalent flaws in the current WQ models are ambiguity and eclipsing. This
approach provides a new framework for evaluating models by objectively reflecting the relevant information
through the incorporation of Shannon's entropy [63]. The assessment of surface water quality was advanced by
using the CRITIC technique once more as an objective weighing method to determine relative weights of variables
and circumvent the drawbacks of traditional information entropy [64]. Consequently, the use of this technique
made use of the method to compute the ambiguity and model eclipsing issues. However, ambiguity issues are
typically brought about by improper sub-index findings, as well as over- and under-estimation of aggregate results
[65]. Hence, it serves as a generally accepted method for measuring any type of uncertainty that exists in a model
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or system. Regarding I .-WQI, the value varied from 0 and 300, and there were no dimensions. So, it explains the
general surface water quality that is suitable for human consumption. Depending on a number of water
characteristics, the findings aid in categorizing surface water as: excellent water, that termed as <50; Good as 50-
100; Poor quality of water contributes about 100-200; Very Poor as value between 200 and 300 and finally, index
score>300, is considered unsuitable for drinking activities at a specific site. An overview of this technique may
be found in Figure 4.

Integrated-Weight Water Quality Index {(Int ,/I)-wQl}
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Figure 4. Flowchart of Int ,~WQI, showing the steps taken to preprocess and model concentrations of
physiochemical parameters across the sampling locations

2.9 Factor Analysis (FA/Fa)

This is a technique that uses a linear combination of prospective hypothetical and random influence variables to
represent the original parameters while capturing common factors from variable groups [66]. However, multiple
indexes are converted into several comprehensive indexes made of a linear combination of the original variables
under the assumption of minimizing loss; these indexes are referred to as components [67]. When using
mathematical computation to calculate PCs, eigen values and eigen vectors are acquired by the use of covariance
or other cross-product matrices, which show how the initial variables and the numerous observed parameters are
distributed [68]. Hence, through this approach, eigen values from the original set are extracted to create new
principal components (PCs) that are orthogonal to one another and hence unconnected. Therefore, it was a
statistical technique that made use of the concept of dimensionality reduction. By examining sets of variables and
groupings that share comparable attributes, it might make it easier for us to explain observations by allowing us
to find patterns or structure in the midst of confusing or chaotic data [69]. This approach's unique feature is its
ability to extract components that make up a linear combination of all variables, which may be used to represent
the dataset's overall variance. The largest residual variability is explained by the remaining components [70]. In
addition, the majority of the variability in the original data set is included in the PCs with an eigen value bigger
than unity, which are often taken into consideration in this method. Since the initial loadings are typically rotated
until a simple structure is attained, they may not be easily interpreted [71], that implies each variable's factor
loadings are extremely high, as high as 1, on a single one of the PCs and extremely low factor loadings on the
other PCs, as low as zero. Therefore, the Kaiser Rule and Scree plots were employed as the only threshold for




MATEC Web of Conferences 400, 02007 (2024) https://doi.org/10.1051/mateccont/202440002007
SPICE 2024

determining the total number of components. With eigen values less than 1.0, all components are excluded under
the Kaiser rule. The scree plot assisted in identifying key elements and understanding the information's
fundamental structure. The PC loading factors which follows the order: >0.75, 0.50-0.75 and 0.30-0.50, are
categorized as strong, moderate, and weak factor, respectively [72]. Subsequently, the advantage of the F, receptor
model, which was also applied to the data matrix, is that it adds a non-negativity constraint to the data and weights
the uncertainty of each data point, guaranteeing that the source contributions are always positive.

3. Results and Discussions

Water quality assessment is mostly done with a variety of biological, chemical, and physical properties. It was
important to conduct a stretch wise assessment in order to more accurately depict and understand the consequences
of channelization. Therefore, determining the degree of pollution in river water is an important and quickly
expanding topic of research that necessitates the collection, processing, and interpretation of data. The amount of
water quality parameters may vary, nevertheless, due to the various methodology utilized in the indexing
operations. Because comparing the results of multiple models might increase the validity of a conclusion, source
allocation using multiple models is therefore essential. In this scenario, the WHO Standards are compared with
the statistical information gathered from surface water samples taken during the pre-monsoon season.
Additionally, the numerical spatial distribution of the parameters was constructed using the GIS environment and
the analytical data, and maps of the spatial distribution of the parameters relevant to water quality were created
using the IDW approach.

3.1 Physicochemical characteristics

Temperature is an additional metric that is typically represented as and measured in the field as °C. It has been
observed that the direct discharge of wastes from industrial processes, agricultural practices, and communities
into river systems containing high-temperature liquid waste poses a significant threat to aquatic life. The amount
of DO in the water is generally influenced by the temperature of the water, the flow of the water body, and the
amount of organic matter present. The value of Temperature, in the current work ranged from 25.72 to 30.25°C
over the different sampling stations on the river, while the optimum temperature range for phytoplankton growth
in the waters is around 20-30 °C. This showed that the temperature in the studied area was mostly regulated by
differences in altitude. The pH of any solution provides information about the solution's strength and its acidity
or alkalinity. The primary governing body is the dissolution of H,CO3; (H") and by the hydrolysis of bicarbonate
(OH"). The maximum acceptable pH level for drinking water is estimated to be 8.5. Results obtained for pH varied
between 7.74 and 7.92. The relatively alkaline pH recorded during the study period may have led to the dissolution
of CO;* and OH" mineral in the sediments and an increased desorption of metal cations, hence to enrichment of
Fe?* in surface water. Still, the pH value in the study area is within allowable limits for surface water. The alkaline
value seen during the monitoring period could be ascribed to the use of chemical detergents, the dumping of
industrial waste, or pollution from household garbage. In addition, Turbidity of water is defined as the cloudiness
or haziness of a fluid caused by a large number of isolated particles that, like smoke in the air, are frequently
unseen to the human eye. However, both organic and inorganic particles, tiny organisms, granular suspended
matter, and the muddy or turbid appearance of water are the main causes of cloudiness or suspended solids in
water. While observing the standards for the quality of drinking water, the maximum amount of turbidity, that is
permitted is about 5 NTU, which is the maximum allowed value. The fluctuation of turbidity value in the research
work varies between 8.5-25.20 NTU. The presence of clay materials, small inorganic and organic particles, dyes,
algae, and plankton from home sewage discharge and agricultural runoff is thought to be the cause of the elevated
values seen at all sites. At nineteen locations, however, the concentration of surface water often exceeds 5 NTU.
Consequently, TKN is a measurement of the water's organic nitrogen and ammonia-N content. Elevated amounts
of nitrogen in freshwater can lead to a rise in the quantity of algae and chlorophyll, although overall, it is not as
concerning as other signs. Synthetic fertilizers, residential and commercial wastewater, inflammatory processes
that remove natural deposits, and microbiological activation of organic substances containing nitrogen are the
sources of contamination in surface water. In this work, between 3.28 and 11.80, TKN was found. Although all
the samples exceed the permissible limit (5 mg/L), which may result from inappropriate manure management
techniques, hygienic landfills, leachates from waste disposal, or excessive utilization of inorganic nitrate fertilizer.
In later stage, EC of water determines the water body's suitability for irrigation and combating fires by measuring
the concentration of ions in it. Temperature, concentration, and kind of ions present all play a role. In addition, the
parameter EC in water samples, may result from saline source mixing, aquifer material leaching or dissolving, or
from a combination of these activities. However, for drinking purposes, EC should not exceed 250 p-S/cm. The
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research area's surface water had EC values ranging from 138.08 to 295. The results highlighted that water samples
in all the locations were found within the recommended limits of 250 according to WHO (2011) and can be used
for drinking water without any further treatment except at one location. High conductivity at W-(9), can result
from both human and natural deterioration. Additionally, the presence, aggregate concentration, transportation,
valence, and temperature of the ions all affect this ability. However, TDS referred as a crucial indicator of water
quality that is frequently used to evaluate whether water is suitable for irrigation and drinking. Another important
characteristic of any body of water is its oxygen level, which is necessary for all biological life forms and has a
significant impact on the solubility of metals. However, man-made sources including home sewage, septic tanks,
and agricultural practices may also be to blame for the high concentration of this substance in water. It is
demonstrated that there is a positive association between the value of TDS and electrical conductivity, with surface
water often having higher TDS than subsurface water. Based on the investigation, it was determined that the TDS
varied between 82-198 mg/L. In contrast, around 100 mg/L of total dissolved salts are allowed in drinking water.
The high percentage of dissolved solids in the surface water at W-(9) indicates that there is a high concentration
of suspended materials in the runoff and significant anthropogenic activity along the river's course. Since sodium
is one of the most plentiful elements on earth and its salts are extremely soluble in water, sodium may be found
in all natural waterways. Also, salinity variations have an impact on the quality of water used for drinking and
irrigation, change in Na“ and MgSOs, is often leads to a gastrointestinal effect. This is because the reaction
between Na' and soil causes particle blockage, which lowers permeability. Furthermore, an alkaline soil created
by high Na* concentrations has an excess of Na* in the water, which alters the properties of the soil and causes
crust formation, water logging, decreased aeration, decreased infiltration rate, and decreased permeability. The
WHO recommends a 200 mg/L maximum for Na* in drinking water. Applying this index to the samples indicates
that 100% of the surface water belongs to suitable category with Na* ranging from 1.58 to 4.63. However, no
location falling under doubtful or unsuitable category. This important indicator's occurrence namely, (K*) in all
water bodies, is roughly 1/10th to 1/100th that of Na+, which might be caused by its weak capacity for migration
and resistance to weather-induced breakdown. The K* value (2-10.2) obtained is within the tolerable limits (12
mg/L). The minimum and maximum value are W-(1) and W-(8). The mean concentration value is around 6.88
mg/L, which implies that because this parameter is actively absorbed by plants, it is rarely present in waterways
at high concentrations. High levels of it can occasionally be a sign of pollution and are mostly to blame for
eutrophic conditions. Additionally, it is believed that runoff from fertilizers, industrial effluents, and housechold
wastewaters, especially those that include detergents, that contributes to surface water elevation. The reported
higher value is noticed at W-(8), in which the permeability and soil composition could be negatively impacted,
because of the elevated K™ concentration, which causes alkaline soils to occur. On the other hand, Ca®* is quite
prevalent in the natural world. The main purpose of this mineral salt is to help the bone mineralize by forming
calcium phosphate salts. It implies that it is thought to be the fifth most common element in nature, dissolved from
rocks and soils, and the primary cause of water hardness. Rocks and minerals like calcite are its most frequent
suppliers in water. Additionally, geological sources, agricultural waste, and landfill trash in drinking water could
be the main causes. Insufficient calcium intake can lead to osteoporosis, tooth defects, nephrolithiasis namely,
kidney stones, rickets, hypertension, and stroke. However, the value of calcium content varied between 9.43 and
28.18. Since the desired level of 75 mg/L for calcium fails to be reached in this study region, there was no calcium
concentration at any of the locations in the several analyzed sites. In addition, the main agents like sewage,
industrial wastes, and a variety of rocks are the main sources of Mg?" in drinking water. The most frequent source
is the weathering of minerals like magnesite and rocks. Elevated magnesium levels have been linked to both high
water hardness and cardiovascular disease. This is due to the fact that Mg?" uptake at cation exchange sites in the
soil, particularly in highly saline and extremely high Na* waters, causes the dispersion of soil aggregates and loss
of soil structure. The officially allowable level for drinking purposes is 30 mg/l. The reported Mg?" vales ranged
from 14.83-28.72 mg/l. The bulk of all the samples is below the allowable limit. . Compared to the St-(1), the
samples' hardness varies more in W-(2) to (3) and also, W-(14) to (15), respectively. However, the rise in the
concentration of Mg?" in water may be attributed to the fact that Mg?* has less biological activity than Ca?" and
because MgSO, and hydro-carbonate are more soluble than Ca?* equivalent molecules. However, the sites W-(3),
(7), (9), and (15) exceeded the suggested drinking limit by a small amount, as stated by WHO, and for irrigation,
the recorded value is estimated as 25 mg/L. A high score is displayed at 4 sites, that clarifies the additional impact
of fertilizers. Mainly, the chief source of HCO3™ depends on home sewage, the partial pressure of CO,, and the
existence of carbonate minerals in rocks and soil. But the creation of CO; that raises the concentration of HCO3
accompanies denitrification, which uses organic carbon as the electron donor. Meanwhile, the CO, occurs when
minerals found in the soil combine with the rock to generate bicarbonate, which causes the surface water to
become alkaline. The reported score in the current investigation, lies in a range from 41.92-87.55 mg/l. The
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maximum permitted value is 100 mg/l, according to the WHO. It is created when water and carbon dioxide react
with carbonate rocks. Generally, The main ions present in water, are mostly produced by atmospheric deposition,
chemical weathering, and human waste from sewage and industry that ends up in rivers. On the other hand,
chloride is a widely dispersed element that may be found in all kinds of rocks. It has a strong affinity for salt.
Because of this, the concentration is higher in ground waters with higher temperatures and less precipitation.
Water acquires an unpleasant and bitter taste and distribution network oxidation is possible, when Cl°
concentration exceeds 200 mg/L. Fortunately it was discovered that the samples' Cl-content, which ranges from
9.66 to 271 mg/L, was well below the 250 mg/L acceptable limits. This season's high hardness value, which
indicates the existence of hazardous related cations released from corroded pipes, is the cause of the high value
of Cl ions at W-(9). Additionally, this rise was a result of farmers using sanitizers excessively. Likewise, sulphate
(SO4%) exists as SO4> spontaneously in surface water. The amount of sulphate in water rises as a result of
household and industrial waste. Meanwhile, some possible sources include biological processes, human activity,
Sulphur minerals, and heavy metal sulfides, that are commonly found in igneous and metamorphic rocks. In
addition to the natural sources, fertilizers can be used to add it. The current study's results varied within a frame
of 4.97-217 mg/l. Nevertheless, the average sulfate concentration is within the acceptable range of 200 mg/L at
about 26.43 mg/L. With an overabundance of Mg?' in the surface water, the sulphate concentration becomes
unstable and has a laxative impact on the human system, when it surpasses the maximum allowed limit at W-(9).
Additionally, too much of it at W-(9) results in unpleasant color, taste, odor, discoloration, and corrosion. Here,
some parameters shows an increasing trend. As obtained from the median values of chemical datasets from
samples of surface water, Mg?>" and HCO;'" are the most prevalent anion and cation, respectively, in samples of
surface water. Consequently, the variable that governs the dominance order of cations inside the research region
is denoted as Mg?" > Ca>*>K"™>Na", whereas the anions is found as: HCO3;>Cl-> SO4>. When the river flows
downstream, the discharges from the different cities along its length mix with the river water, raising the pollution
levels. As a result, some of the downstream variables show a declining trend. Ultimately, the analytical findings
were used to produce the numerical distribution of the study's parameters, as was evident from the Figure 5a-1.

https://doi.org/10.1051/mateccont/202440002007

@ pH @ TKN variation KN @ TDS variation
7.95 14.00 250.00
7.9 12.00
200.00
7.85 I 10.00
18 8.00 _ 150,00
[}
3
7.75 6.00 100.00
7.7 4,00
50.00
7.65 2.00
0.00
7.6 0.00 CNMTNONO OO AN SN ON®D D MNmTWORDAQgHNNTNEN QO
ANV ONNONOANMNTNNON®OD HHAAAA A A
Rl B B B B I I B B |
Sites (W)
@ Turbidity variation O Turbidity @ mEC @ Na* variation ENa
30 350.00 5
2% _ 300.00 45
- a4
0 250.00 a5
200.00 3
8
5 150.00 3|25
5| 2
10
100.00 15
5 50.00 1
0.00 0.5
0 hREA LR L EAEEEEE L] 0
TNmSmONeaIdNARAASRA ANmYnerwaonNnYNENEg

12




MATEC Web of Conferences 400, 02007 (2024)
SPICE 2024

https://doi.org/10.1051/mateccont/202440002007

150.00
100.00

50.00

15
10
il
0

000 LLOoonoon0Qn

« [0 |
12 35 300.00
10 30 - 250.00
8 25 200.00
20
6 150.00
15
1 100.00
10
2 ] 50.00
[]I 0.00 polopnoflllonepelennll
0 ANmSn e~ “Nm e n e~
ANmTnmoOR@OgHANMT e N O ANmemONBOCHNMERE N SwermagodaI2RLa2
@ mCa @ |Bicarbonate (HCOy) variationl @ |Su|phate (s0,%) variationl Os042-
OHCO3-
30 100 250.00
25 90
80 n n 200.00
20 70

0

1l e—0————
12 mm—m—m

13 ———e————=—
14

15

17 m—m——————
18 ——rrm—————x

19 —————x

60
50
40
30
20
10
=i g R ]

16

S0 oo
MNmMYWONO0 O N®
R

HANMmMTLON®O

HANMSTVDEN®O

Figure 5. Abundance in WQ parameter’s amount over selected stations found in surface water for (a) pH, (b)
Turbidity, (¢) TKN, (d) EC, (e) TDS, (f) Na*, (g) K*, (h) Ca?*, (i) Mg?', (j) HCO5", (k) CI', and (1) SO4*

As a result, it is significant to remember that this study used the six models to assess the river water quality and
that factor analysis was used to identify the sources of contamination. This allowed recommendations to be made
regarding the necessary treatment measures to ensure that the water is safe for inhabitants to drink. Geospatial
techniques, like IDW, use nearby known data to estimate an unobserved position while interpolating the spatial
variability of point attributes. Therefore, utilizing normally distributed data, it serves as the most effective and
broadly applicable method for predicting unknown values. However, the chemical characteristics and indices
could be used to differentiate between the acceptability of water quality for different uses, such as irrigation or
drinking. Using the methods below, managers and administrative organizations can rate water according to its
quality and usage while taking into account the effects of specific parameters. This information can be useful
when making decisions. As a result, the new research employing the indices below will lay the groundwork for
future initiatives to regulate river growth and save coastal ecosystems.

3.2 Numerow Pollution Index ((N) pi)

The (N) i has been employed to evaluate the general quality of the water when comparing sites over time and
space. It has been shown that the IDW interpolation technique, along with GIS-based spatial analysis, is a highly
effective tool for representing the distribution of significant ions in the research area. For the 12 water quality
parameters, it was computed using the water quality metrics that were reported. When the result is determined by
means of using (N) pi, absolute index scores, which range from 0 to 40 and have values between 0 and 10 to
indicate the best overall state in terms of safeguarding aquatic life for human use. In this work (Figure 6a), the 5.8
to 69.21 obtained range denotes a good to unsuitable category. It is revealed that sixteen samples fall under
excellent category, two samples appears in poor category, and the final one located is based on the results, that is
categorized as unsuitable. Here in Figure 7a, around three stations had water quality values higher than 40,
indicating poor or inappropriate water quality, although the majority of the stations had excellent water. Thus, this
may be the outcome of increasing levels of anthropogenic and diverse pollutants gradually building up in the river
water. Nonetheless, this index evaluates the element of water quality related to ecological projects and offers a
useful way to summarize intricate water quality information for architects, managers, lawmakers, and wholesalers.

3.3 Synthetic Pollution Index ((S) pi)
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According to the results of grading based on (S) p; after applying, these findings could vary extensively. Thus, to
draw water quality of stations under study, IDW zoning in Arc GIS environment were utilized. In this current area
(Figure 6b), indicating a good to extremely poor category, the calculated range is 0.25 to 0.99. However, such
changes could normally be seen in 17 sampling points, and hence, could be classified under good quality
prioritization. Remaining 2 locations comes under poor/very poor category. The study found that the persistence
of declining water quality was caused by a comparatively high quantity of contaminants exceeding potability
criteria. Therefore, the poor water quality in this part of the river at W-(19) and (9) in Figure 7b, was a result of
the inadequate measures put in place for appropriate disposal prior to the city's urbanization. Additionally, careless
waste dumping in marketplaces, drainage systems, and urban rubbish all significantly worsen river pollution.
Indeed, 16.70% (2 indicators i.e., TC and turbidity) do not adhere to water quality regulations, which could have
a detrimental impact on the health of the populace and aquatic life. Yet, researchers also came to the conclusion
that an essential mineral and organic load with anthropogenic origins from metropolitan areas represented the
deterioration of the water quality.

3.4 Overall Index of Pollution ((O)pi)

In case of this approach, it leads us to conclude that no surface water body's problematic situation is indicated by
analysis, monitoring, or index development alone. As a result, while conducting additional study, it will be simple
to determine the sampling locations' relative pollution levels in relation to the drinking water quality standard
using (O)pi approach. The obtained range is around 0.29 to 15, demonstrating a classification of excellent to
contaminated (Figure 6¢). About sixteen examples are included in the "excellent" zone, and the remaining three
samples are a result of "polluted" category, as obtained from the results. The upstream areas close to the sampling
sites show evidence of improving water quality. Taking this into consideration, the outcome can be attributed to
increased rainfall during the study period, which caused water to seep into the ground and dilute the surface water
system. With regard to the duration of the research, at three sites namely W-(8), (19) and (9), it is noticed from
the Figure 7c¢, that high-polluted areas with the highest nutrient concentrations were discovered close to industrial
and built-up areas. Analysis and surveys of land use and land cover revealed that runoff from agricultural areas
has had the greatest impact, followed by wastewater from homes and businesses.

3.5 Comprehensive Pollution Index ((C) pi)

As detailed in (C) pi section in methodology part, this approach often depends on a number of variables, including
the geolocation, the physicochemical characteristics of the water to be assessed, eutrophication, health issues,
oxygen accessibility, suspended constituents, the planned use of the water, ecological significance, and data
accessibility. As a result, it also involves a methodical approach to standardize and formalize the parameter
selection procedure for widespread use. The value of (C) pi ranged between 0.29-3.46, reflecting that the water
quality fall into ‘sub-clean to-seriously polluted’ category. The results (Figure 6d) show that higher value was
recorded at W-(7), which reveals that water has organic pollution, where there are crowd industrial parks and busy
transport and fishing ports. On the basis of its ratings, out of 19 samples, 16 are categorized as sub-clean, by the
score of (C) pi, 2 as polluted, and 1 is under the seriously polluted zone of water, in the current investigation. This
furthermore, revealed a possible danger of nitrogen contamination, TDS, CI- and Ca®*, that are connected to human
activity and urban discharges. A high positive loading of Ca?" and EC is ascribed to a number of natural processes,
including the weathering of rocks that contain calcium carbonate (Calcite) and limestone, as well as other ion-
exchange activities occurring in the surface water system. It is observed from the spatial diagram as given in
Figure 7d, that unsuitable sites have been identified at 3 places. This primarily be connected to wastewater,
excreta, and also, fluoride in drinking water, gets influenced by human activity, farm fertilizers near survey
stations, and waste from households.

3.6 Entropy (Ey)-Water Quality Index (WQl)

To increase the measurement accuracy, it is suggested that the weights for the models mentioned above be changed
based on the model application. As a result, when the same model is used for marine and river water bodies, the
parameter weights should be different. Therefore, entropy is a single value that can be used to describe the water
quality of a source, reducing the multitude of factors to a single, straightforward face that makes water quality
observation data easier to grasp. River sediment contamination zones can be categorized using GIS and the spatial
interpolation approach, allowing for improved river and catchment management. In carrying out a further study
(Figure 6e), the E,-WQI ranged from 14.60 to 277, that depicts excellent to extremely poor categories.
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Approximately, 84.2% of the sample locations exhibit excellent conditions, 10.52% of the sample locations
exhibited poor conditions and 5.26% of the sample locations (1 location) indicated extremely poor water
conditions. It is possible that the elevated levels of Ca**, SO4>, EC, and TDS in the surface water were the primary
causes of these elevated readings, indicating poor quality drinking water and high salinity. The presence of TKN
in water is often indicative of a partially completed organic matter degradation process and is a reliable marker of
river pollution caused by urban effluents. Based on the findings, 16 samples are classified as excellent, and 3
samples are classified as poor or extremely poor. According to the interpolated results, which are shown in Figure
7e, the demarcations showed the spatial extent of the affected area which was more exposed to pollutants.
However, sites at W-(7)-(8) and (9), and W-(18) to W-(19), revealed a maximum change in the entropy value,
suggesting that runoff is not a major factor in the river pollutant's dilution in this area. The WQI value changed
far less in the remaining 16 regions, therefore after the monsoon, the quality of the water was still being evaluated
in these places. The reason for the preservation of the equilibrium between input and output ions could be
attributed to the increased release of sewage and industrial waste into the water during monsoon season [78].
Ultimately, the parameter’s variation clearly indicates that three sites lies in the unsafe category. Being a seaside
region at W-(9), one of the main causes of the decline in the quality of the water that is fit for human consumption
in some areas is the incursion of saltwater.

3.7 Integrated-Weight (Int w)-Water Quality Index (WQlI)

In terms of Int , approach, weights are obtained by two approaches, namely, entropy and the CRITIC Method. To
calculate WQISs, this method could be applied to determine the optimal parameters. When there are a lot of output
variables and a high degree of collinearity and noise in the input variable data, this is a useful way to handle the
data. As a result, both the quantity and cost of the components utilized in the chemical analysis to determine WQIs
are decreased. One popular method for visualizing a linear relationship between large independent and dependent
parameters is termed as the Integrated-weight approach. Hence, it can be investigated as a different method of
predicting indices in this research area because it is quick, easy to use, and only requires a few steps to compute,
especially for the WQIs. The values for the present study ranged between 39 and 310, with a mean of 101.37,
based on which Int -WQI map was prepared as shown in Figure 6f. It is apparent from the figure that out of 19
samples, 52.63% of the samples falls under ‘excellent (n=10)’, 5.26% samples belong to class ‘good (n=1)" and
42.11% of locations, comes under ‘poor/very poor/not suitable (n=8)’ category, indicating their adverse effects on
human consumption. The river receives the discharge of domestic sewage from these locations since treatment
plants cannot handle the volume of sewage generated in cities. Untreated sewage wastes have reportedly been
dumped into the river, which may be the main source of pollution in the area around it. Subsequently, it is
occasionally observed that in low-quality sites, variations in the water system's turbidity might be caused by
organic matter decomposition, carbonate degradation, temperature and salinity changes, and the mixing or dilution
of effluents by aquatic streams. However, SO42- and TKN indicator are closely related to human activity and urban
discharges. Its two main sources are home effluent (mostly detergents) and agricultural operations, in addition to
the reductive hydrolysis of minerals that include phosphate. Based on the spatial analysis (Figure 7f),
Contaminated zones within the study area were classified and located. Moreover, Na*, CI- and Mg?* indicates that
anthropogenic inputs and industrial activity have a combined effect on aquatic systems that cannot be disregarded.
Furthermore, because the research location is a low-lying flood plain, the neighbouring hilly areas' sediment
erosion, transport, and deposition may have an impact on the indicator's concentration discharged into the riverine
system over a wide range of geochronological scales. Thus, to distinguish the region based on pollutants, around
42.11% of the research area must be maintained before to use.
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Figure 6. Layout of site’s variation results for (a) NPI, (b) SPI, (c) OIP, (d) CPI, (e) E y-WQI and (f) Int w-WQI
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Figure 7. Layout of interpolated results for (a) NPI, (b) SPI, (c) OIP, (d) CPI, (e) E ,-WQI and (f) Int -WQI
3.8 Factor analysis (F2)

Since, the water quality index approach along with pollution indices methodology has some limitations and
uncertainty. So, the researchers claim that utilizing improper aggregating functions or sub-indexing methods that
improperly distort the genuine relative influences of the parameters are the root causes of this issue. Therefore,
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adopting factor analysis (Fa) ought to be made in order to reduce the eclipse issue and the uncertainty of the WQ
model. However, the conventional six WQ approaches have the capacity to visualize comparisons, but in addition
Fa gives semi-quantitative data on how WQI factors are distributed within the sampling space using a variable or
components. However, by emulating the ambiguity and uncertainty brought on by the many criteria, it excels at
managing complicated choice scenarios. However, the data were subjected to factored rotation. Consequently,
the recorded value based on Kaiser Meyer Olkin (KMO) principle, for water in the current study, was estimated
to be as 0.364 and the significant value of Bartlett’s sphericity was found as 0.01, indicating Fa was profitable in
the studies. Therefore, by using this technique, the original datasets were changed to create a new, uncorrelated
collection that resembled a linear combination of the original sets. Additionally, it aids in the information
extraction process by removing less significant factors with the least amount of original data lost. To determine
how many PCs are needed to understand the underlying data structure, a scree plot has been created. For this
purpose, the eigen value is included that illustrates the amount of variance that the factored component may
account for, and as previously stated, an eigen value > 1 means that one factor component (C), could provide
many explanations for a variable. Therefore, we considers only components with an eigen value greater than 1. In
this research, the scree plot graph (Figure 8) demonstrates the substantial decrease in slope that occurs after the
fifth eigen value, indicating that only five components remain. From the Table 1, it is noticed that first five
components (C1-C5), based on the eigen value, together account for 95.61% of the total variance in the dataset,
in which the first component (C1) exhibit 40.32% of the total variance, the second component (C2) explains
20.52%, the third component (C3) exhibit 15.76%, the fourth (C4) and fifth component (C5) is around 11.56%
and 7.45% of the total variance respectively. The most fascinating factor configurations were for C1, where a
strong correlation exits between turbidity, TKN, Ca?" and CI', were displayed from the dataset. However, hardness
consists of Ca?*, Mg?*, COs%, and HCO;™ and is diluted in water from frequent washing, the use of detergents,
domestic sewage, and industrial effluent discharge. Furthermore, a number of variables, including the use of
fertilizers, manures, pesticides, herbicides, leaking septic tanks and sewage lines, wastewater discharge from
various sources, and accumulation of livestock waste, contribute to the buildup of TKN in surface water. Here,
Cl-may be caused by the local geology, agricultural runoff, industrial and residential effluent, and agricultural
runoff. Notably, these high levels of these parameters can be associated with commercial and electroplating
sectors, as well as industrial processes and agro-fertilizer application. Those who lived close to the river and used
its water for domestic purposes during the time reported an outbreak of cholera in the water, which was further
evidence of nitrogen pollution. In 2™ component, this factor has high loading on pH, EC, and Na'. The pH
expresses a strong relationship indicating that nitrification and wastewater recharging are the crucial processes.
Here, nitrification's acidic protons lower pH and cause mineral breakdown. Usually, carbonate dissolution in the
zone neutralizes an acidic proton instead of silicates. Additionally, there is a connection between the change in
EC and the organic matter content, which during the dry season is linked to discharges of home and commercial
wastewater. As this is going on, the high concentration of algae encourages the generation of toxins by raising the
turbidity, Na*, and DO levels of the water. These circumstances limit the utilization of this resource for public
supply and are detrimental to aquatic life. Again, in 3™ Component (C3) includes TDS and K. On the other hand,
4™ component (C4) had strong positive loadings on Mg?* and HCO5" and finally, component (C5) exhibits a load
with SO4*. Here, TDS perhaps linked to surface runoff, bank erosion, and erosion from upland regions. The
primary non-point sources of K* in this area are runoff from regions used for agricultural fertilization and storage
for animal waste. Mg?* validates the silicate minerals' dissolution, raising the surface water's hardness. It is well
knowledge that activities like leaching and overuse of fertilizers will have an impact on the quality of surface
water when HCOj3™ values are elevated. Water samples could therefore be impacted by related agricultural practices
and man-made activities [73]. Additionally, SO4* demonstrates how human activity affects the drinking system.
Consequently, it also involves the breakdown of carbonate minerals and mixing of seawater. Therefore, these five
elements can be understood as the surface water's mineral component, a combination of natural and man-made
sources of contamination (soil erosion or weathering, air deposition, biofertilizers, runoff from ore producers,
etc.), and saline water invasion, which is frequently observed in coastal aquifers due to excessive surface water
extraction brought on by rapid population growth, commercial activity, and other factors. The process of
determining the factor's representation's zone and spatial variation is done in order to calculate factor scores. The
two techniques most commonly used to obtain them are the regression approach and the weighted least squares
method [74]. The factor score (FS) plots (Figure 9) explains that urban wastewater has a more noticeable effect
on sampling sites in the downstream course that are situated on the basin. The nutrient group of pollutants, which
includes anthropogenic and non-anthropogenic point sources like municipal effluents and non-point sources like
erosion and agricultural runoff, that made a major impact [75]. The most influenced are sampling locations located
on the downstream course of the river i.e., W-(8), (9), and W-(19), followed by the tributary in the middle course.
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Finally, the study's findings demonstrate that F,, a powerful multivariate statistical tool, allows for the evaluation
of correlations between variables while reducing a dataset's dimensionality while preserving as much of its
variability as feasible [76]. This result suggests that the parameters in the river have comparable origins or are the
result of human-induced activities. Conclusively, the results of this F, analysis are consistent with the previously
indicated conversations regarding the assessment of water pollution and the clarification of the sources of
hazardous factors present in the areas of the investigated watershed [77].

Table 1. Extracted factor loadings of the studied parameters of the surface water

Parameters C1 C2 C3 C4 C5
pH 0.56 0.88 0.44 0.23 0.34
Turbidity 0.87 0.45 0.32 0.43 0.15
TKN 0.93 0.37 0.63 0.51 0.59

EC 0.72 0.85 0.68 0.31 0.47

TDS 0.66 0.71 0.79 0.47 0.61
Na' 0.43 0.77 0.65 0.67 0.669

K 0.56 0.68 0.83 0.59 0.54

Ca®" 0.95 0.57 0.34 0.66 0.43
M2+ 0.61 0.44 0.32 0.85 0.67
HCOy 0.55 0.66 0.45 0.91 0.43
Cl- 0.88 0.51 0.28 0.44 0.37
SO 0.41 0.61 0.17 0.53 0.84
Eigen value 8.61 5.67 3.8 2.54 1.74
_ 40.32 20.52 15.76 11.56 7.45
Cumulative % 40.32 60.84 76.6 88.16 95.61
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Figure 9. Spatial distribution of interpolated results of F, scores for sampling site’s upstream to downstream (a)
FS1, (b) FS2, (¢) FS3, (d) FS4 and (e) FS5

4. Conclusions

In the present work, a study has been taken up to assess the performance of NPI, SPI, OIP, CPI, (E),-WQ]I, Int -
WQI and Multivariate algorithms for predicting the surface water quality. A GIS is an effective tool for interpreting
spatial data and producing visual representations that yield outcomes. It is related to the multivariate approach
used in this work to determine the factor loadings for the parametric layers. The comparison of these techniques
has been made and the following conclusions are drawn from this work, are as given below:

1. pH results show that the river water is slightly alkaline, buffered by a HCO;—CO3?> system.

2. The turbidity and EC values were high in the majority of the places, making the water unfit for irrigation
and drinking unless the soil has sufficient drainage, a particular management strategy for controlling
salinity is implemented, and salt-tolerant plants are applied.
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3. Results further demonstrate that the river flows in the category of fresh (TDS<100 mg/L) except two
sites (W-(9) and (19)), though may be categorized as either sensitive or non-sensitive depending on the
river's alkalinity levels.

4. According to Na" values, the water can be used for drinking, with little risk of dangerous amount of
exchangeable salt developing (low sodicity).

5. HCOs and K" values show that the river might be regarded as having not received any major or extremely
severe pollution emissions. The river may not be able to sustain aquatic life due to pollution, as indicated
by the turbidity and TKN levels.

6. The river exhibits an overall pattern of ionic dominance, based on the calculated means: Mg >
Ca?™>K"™>Na* and HCO3;>CI"> SO4%.

7. The pollution indices of 19 samples in the present study ranged from 5.8 to 69.21, indicating good to
unsuitable category ((N) pi), 0.25 to 0.99, signifying good to poor water ((S) i), 0.29 to 15, displaying a
classification of excellent to contaminated ((O),i) and 0.29-3.46, reflecting that the water quality fall into
‘sub-clean to-seriously polluted’ category, in case of (C) pi. Among the total samples, only three samples
indicated poor water quality in case of (N) ;. Around 16 samples come in the "excellent" zone, and the
rest three samples belongs to "polluted" category, according to the results of ((O)pi). The following 2
samples exceeding the norms as per ((S) i), indicating water to be unfit for consumption. The results of
(C) pi highlights that higher value was recorded at W-(7), which exhibits the organic contamination in
water. The discharge of sewage into rivers is the cause of the elevated levels of turbidity, TKN, and Ca>*
in the water that lower drinking water quality, as indicated by the following pollution indices.

8. To fully understand the river's contamination levels, a (E),-WQI was computed utilizing twelve
physicochemical factors. It is worth mentioning that at sixteen places, it was determined to be of
outstanding quality, since the water there is in an operating condition with no obstacles to its flow and
the ability to clean itself, whereas at downstream sites (n=3), because of the area's dense population and
the wastewater that the river receives from drains, the water quality was found to be poor.

9. Over 42.11% of the samples fell into the categories of poor/very poor/not suitable, using the Int w-WQI
diagram, establishing that the surface water is unfit for human consumption.

10. The advantages of this pollution approaches is that it creates a mathematical equation that represents the
ecological status of the water by combining information from multiple surface water quality metrics. It
also demonstrates the importance of each metric in assessing and managing the water quality and helps
determine whether a surface water source is suitable for human use.

11. F,is used to identify and extract the variables causing variations in the quality of the water, and it reveals
that the first five principal components explain almost 95.61% of dataset variation. After the fifth eigen
value, the slope begins to decline slightly. The first component takes 40.32% of total variance, indicating
that C1 alone can statistically represent almost half of the group. The factors that had the biggest effects
on the quality of the water were found to be turbidity, TKN, Ca?*" and CI,, that made it possible to
formulate the parts made of the five eigen values. The second component (C2) contains three parameters
and explains 20.52% of the total variance. This component has proposed that their primary source was a
combination of geogenic and anthropogenic causes caused by humans. The third and fourth component
(C3, and C4), which each has two parameters, explains 27.32% of total variance. Finally, the fifth
component (C5) has a single variable that accounts for 7.45% of the set, giving it a sufficient
representation. However, the presence of nutrients is influenced by three other factors, though particulate
matter, which is also in charge of the river's natural mineralization processes; hardness and alkalinity
processes, as well as their connection to the processes involving algal biomass; the dependence of Mg?*
and TKN concentrations on pH; and the interactions between oxygen, nutrients, and water transparency.
These places are all considered ideal for artificial surface water recharge. It is also reflected that a low
surface water potential location is one with significant runoff but poor infiltration due to geo-
environmental variables.

12. It is therefore, advised that suitable monitoring plans be started by the pertinent organizations, including
Water Resources Commission (WRC), which is the organization in charge of managing the river basin
in order to maintain the river's ecosystem. In order to maintain the sustainable management of surface
water resources, the current inquiry fervently advocates for the effective implementation and
administration of effluent treatment facilities and restricts any direct and indirect cause of contamination.

13. The surface water potential zones were validated using the approach performed by F, and the analysis
reflected a very good corelation. The current method's reduced labour requirements, lower costs, and
increased effectiveness over previous research methods are major advantages. The present study results
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are beneficial for managing surface water resources, creating an artificial recharge structure, and
fostering surface water sustainability in the current study region.
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