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Abstract  This research is mainly focused on identifying 
the sources of groundwater contaminants present in the 
alluvial region between Mahi and Narmada rivers of central 
Gujarat using multivariate statistical analysis. Furthermore, 
Ground Truth Study (GTS) will be conducted to determine 
the source of these contaminants and ascertain whether 
they type from anthropogenic (caused by human activities) 
or geogenic sources. In the study area, shallow depth of 
groundwater varies from 9.54–97.45 feet below ground level 
(fbgl). Using Principal Component Analysis (PCA), Factor 
Score Analysis and Hierarchical Cluster Analysis (HCA), 50 
aquifer openwells and shallow tubewells have been analyzed 
using PCA, Factor Score Analysis, and Hierarchical Cluster 
Analysis (HCA). The PCA revealed 3 significant compo-
nents explaining 77.15% of total variance in which PC-1 
(43.04%) described high positive loadings of (TDS, NO3

−, 
Cl−, SO4

2−, Mg2+) parameters. The PC-2 (16.11%) and PC-3 
(18%) showed high positive loadings of (F−, ALK) and (pH, 
TH, Ca2+) parameters. The application of Hierarchical Clus-
ter Analysis (HCA) revealed the presence of distinct clus-
ters influenced by either anthropogenic or geogenic sources. 
Notably, Clusters 3 and 4 exhibited substantial anthropo-
genic influence, emphasizing the urgency for immediate 
remediation measures. Cluster 2 demonstrated a combina-
tion of geogenic and anthropogenic sources, underscoring 
the importance of continuous monitoring in this area. In con-
trast, Cluster 1 represented relatively non-polluted regions, 

serving as valuable reference points. The findings emphasize 
the necessity for targeted mitigation strategies to safeguard 
groundwater resources, particularly in highly contaminated 
Cluster 4. Additionally, the inclusion of a Ground Truth 
Study (GTS) further enhanced the accuracy and reliability of 
the findings, providing corroborating evidence to support the 
identification and characterization of contamination sources 
within these clusters.

Keywords  Groundwater · Contamination · Source 
identification · Factor score · Multivariate statistical 
analysis · Ground truth study

Introduction

The quality of the water instead of the amount is a constraint 
in arid areas of the world. Hydrogeological sciences study 
and practical applications have focused on aquifer pollution 
since it could prevent using groundwater for uses such as 
residential and drinking [14], Fetter and Fetter [12]. Once 
the groundwater quality has been affected from undesired 
contaminant sources, it becomes a very difficult task to 
bring it back within its permissible standards. Over the past 
few decades, the multivariate statistical analysis approach 
has been widely used to address groundwater contamina-
tion source identification. Consequently, most researchers 
have relied on the results without adequate verification 
(Prasanna M. et al. [33], Nosrati and Eeckhaut [31], Kan-
chan and Ghosh [15], Machiwal and Jha [30], Loganathan 
and Ahmed [1].

The principal component analysis (PCA), factor score 
analysis (FSA) and hierarchical cluster analysis (HCA) are 
some of these statistical methods used extensively with GIS 
environment to identify pockets of anthropogenic sources 
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falling within one’s area of study [37], Kanchan and Ghosh 
[15], Machiwal and Jha [30]. Standard textbooks on ground-
water cover a variety of common tools and strategies for bet-
ter understanding of groundwater chemistry with statistics 
and graphs (Freeze and Cherry, [13, 26],Sara and Gibbons, 
[35]. Various multivariate statistical and machine-learning 
techniques are used in recent research works for groundwater 
contamination (Chan and Huang, [2], [34], if the investi-
gation is restricted to finding sources of anthropogenic or 
geogenic pollution.

The statistical methods that solve problems consisting of 
numerous input variables have found to be a useful tool in 
the assessment of spatiotemporal dissimilarities and sim-
plification of groundwater physico-chemical datasets. As 
a result of such approaches, it is also possible to allocate 
groundwater pollution sources (natural or anthropogenic) 
and to conceptualize a supervisory system that is more effi-
cient at meeting the needs of water resources [24], Guler 
and Thyne [19]. For example, by using HCA, PCA, and geo-
chemical modeling approaches, Demirel and Guler [6] found 
human intervention influencing the existing geochemistry 
for the coastal aquifer of Mediterranean region, Mersin-
Erdemli basin (Turkey).

PCA and HCA were used by Cloutier et al. [3] to deter-
mine the geochemical mechanisms governing the physico-
chemical nature of groundwater in the Paleozoic Basses-
Laurentides (Canada). The PCs 1 and 2 were identified as 
"salinity" and "hardness" of groundwater based on load-
ings. In the humid Manukan Island’s aquifer in Malaysia, 
Lin et al. [29] assessed temporal inconsistency and variables 
influencing geochemistry of shallow groundwater consid-
ering analysis of variance, PCA, HCA, and geostatistical 
approaches. To distinguish between the effects of natural 
and human causes toward the groundwater quality in South 
Korea, Kim et al. [27] used cluster analysis modeling.

Multivariate statistical analyzes, such as factor analysis 
(FA) and cluster analysis (CA), serve as invaluable tools for 
managing extensive datasets and numerous parameters. In 
the research conducted by Simeonov [36], these analytical 
methods proved instrumental in clarifying the underlying 
variable structure, facilitating the derivation of simplified 
groups. Yang [39] applied multivariate statistical analyzes 
to investigate the spatio-temporal patterns of water pollution 
in the Dianchi Lake basin. Guler [20] commenced a com-
prehensive examination of clustering techniques, including 
principal component analysis, in specific regions of South-
western USA, delving into the advantages and disadvan-
tages of each method. The utilization of appropriate statisti-
cal techniques emerges as a crucial approach for achieving 
meaningful generalizations in scientific inquiries.

Despite extensive research on identifying anthropogenic 
and natural contamination sources, none of the previous 
studies have adequately addressed the crucial aspect of 

determining the root causes of anthropogenic contamina-
tion. The lack of understanding regarding the fundamental 
factors driving human-caused contamination is a matter of 
utmost significance for decision makers. This research sur-
passes conventional methods by incorporating field condi-
tions and attempting the primary causes of contamination. 
Its principal goal is not only to pinpoint contamination 
sources, but to precisely determine their specific origins 
through a robust Ground Truth Study (GTS). Through 
extensive data collection, the study seeks to establish the 
precise factors responsible for the disturbingly elevated 
levels of contamination observed. Geogenic contaminant 
sources pose tough challenges to prevention, this study 
emphasizes that anthropogenic sources can be effectively 
mitigated through rigorous monitoring. Furthermore, the 
GTS required to verify whether the identified sources were 
of geogenic origin or the result of human activities.

Study Area Description

The alluvial region between Mahi and Narmada riv-
ers, which are flowing through the central part of Guja-
rat state, covers six blocks of Vadodara, three blocks of 
Panchmahal and three blocks of Bharuch districts. A total 
of 2750  km2 are covered by the alluvial region, which 
is located between 72.51° and 73.64° east longitude and 
21.78°–22.83° northern latitude (Fig. 1). A sub-humid cli-
mate prevails in the alluvial region of Gujarat, which is sit-
uated between the high rainfall areas of south Gujarat and 
the dry plains of north Gujarat. Approximately, 850 mm 
of rain is received annually in this semi-arid climate. From 
the middle of June through the middle of September, the 
southwest monsoon creates a humid environment.

The alluvial region of Vadodara taluka has observed 
a steady development, accommodating a range of indus-
tries such as oil refineries, petrochemical plants, fertilizer 
factories and heavy water projects. Additionally, Gujarat 
Industrial Development Corporation (GIDC) has played 
a crucial role in establishing and managing significant 
industries involved in the production of engineering 
and mechanical components, rubber-plastic goods, non-
metallic mineral products and metal products ([7], [8], 
[9] DIPS-2016). Groundwater can be found in both the 
confined and unconfined zones in present research region. 
The unconfined aquifers are formed by weathered zones, 
shallow depth jointed and fractured rocks, and saturated 
zones of unconsolidated shallow alluvium. Interflow zones 
of basalts, inter-trapping beds, deep-seated fracture zones, 
shear zones in basalts, granites and gneisses, as well as 
multi-layered aquifers under impermeable clay horizons 
in the production of alluvium, generate semi-restricted to 
limited conditions ([16], [17], [18] CGWB-2014).
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Materials and Methods

Figure 2 illustrates the step-wise methodology employed 
for identifying groundwater contaminant sources. Initially, 
50 no. of wells groundwater quality data obtained from the 
MOJS-DDWAS portal of May 2018 were subjected to mul-
tivariate statistical analysis. Common groundwater quality 
parameters (Potential of Hydrogen (pH), Total Dissolved 
Solid (TDS), Nitrate (NO3

−), Fluoride (F−), Chloride (Cl−), 
sulfate (SO4

2−), Calcium (Ca2+), Magnesium (Mg2+), Total 
Hardness (TH) and Alkalinity (ALK)) were available at 
each well location and imported into SPSS software. The 
parameter values were then transformed into Z-scores. Next, 
a principal component analysis (PCA) was conducted on 
these Z-score values, resulting in the extraction of principal 
components (PCs) 1 − n and the formation of factor scores 
(FS) for all well locations. Further, the FS values were input 
into a GIS (Geographic Information System) environment to 
obtain their spatial distribution. The IDW (Inverse Distance 
Weightage) interpolation method was employed to generate 
the spatial distribution of FS values. A composite map con-
sidering all PCs was also obtained using overlay analysis in 

GIS. The study conducted a Hierarchical Cluster Analysis 
(HCA) on Z-score values derived from groundwater quality 
parameters at various well locations, leading to the creation 
of a dendrogram clarifying the distribution of wells within 
distinct clusters. To verify the outcomes of both Principal 
Component Analysis (PCA) and Hierarchical Cluster Analy-
sis (HCA), a Ground Truth Study (GTS) was undertaken. 
This study aims to ascertain whether the identified sources 
of contamination are anthropogenic, geogenic, or a combina-
tion of both. The GTS involves the collection of data on site 
characteristics and the sampling of groundwater quality for 
a comprehensive verification process.

Multivariate Statistical Analysis

To simplify groundwater quality data with a high number 
of geochemical characteristics for a better knowledge of 
the local hydrogeology, multivariate statistical analysis 
is performed. Such method provides strong bases for the 
problem of groundwater contamination being influenced 
by either geogenic or anthropogenic activities when 
combined with spatial and temporal distribution. This 

Fig. 1   Alluvial region within Mahi and Narmada Rivers of Gujarat
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technique focuses on pinpointing the factors that con-
tribute to groundwater system governance and highlights 
the importance of employing tools to address challenges 
associated with groundwater contamination. Principal 
Components (PCs) and Factor Scores (FS) were computed 
using IBM SPSS software for the analysis.

Principal Component Analysis and Factor Score

A vital statistical approach for examining the chemistry of 
groundwater is principal component analysis (PCA) [10]. 
By determining correlated concentrations linked to par-
ticular pollution sources or processes, the aim is to reduce 

Fig. 2   Methodology-flow chart of contaminant source identification
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multidimensional water quality datasets to a smaller collection 
of interpretable "principal components" (PCs). The two phases 
of PCA are PC extraction and data standardization. PCA was 
performed on the groundwater quality data (pH, TDS, NO3

−, 
F−, Cl−, Mg2+, TH, ALK, SO4

2−, Ca2+) in this study during 
the 2018 pre-monsoon season using IBM SPSS Statistics. The 
data on the observed groundwater quality were transformed 
using a z-scale before PCA. To begin PCA, the data correla-
tion matrix is restructured to better understand the structure 
of the underlying system. PCs are linear combinations of the 
initial variables and are new variables produced from the origi-
nal dataset. Starting with the correlation matrix, eigenvalues 
and eigenvectors are extracted while less important ones are 
removed [5]. Then, the eigenvectors are converted into PCs. 
The variation is best explained by the first PC, which accounts 
for the higher part of the variance. The Kaiser Normalization 
Criterion [25] is used to determine the number of retained 
PCs. PCs that may be reliably understood and have eigenvalues 
larger than 1 are accepted for further study [21]. The equation 
for calculating the Z-score for an individual data point X in 
a variable with mean μ and standard deviation σ is given by 
equation no (1):

Where Z is the Z-score, X is the raw score, μ is the mean, 
and σ is the standard deviation.

Factor analysis is a multivariate statistical technique 
employed to separate relationships among variables. The 
primary objective of this analysis is to diminish the dimen-
sionality of the data while retaining a set of interrelated vari-
ables without sacrificing pertinent information (Farnham, 
[11]. Helena [22] previously utilized this statistical approach 
to interpret intricate, interrelated processes governing gen-
eral water chemistry. In the current study, factor analysis 
was applied to extract factors using the "Kaiser Criterion," 
where eigenvalues exceeding unity (1) were considered [4]. 
The screen test, involving a descending order of eigenvalues 
relative to factors, was employed. A break in the scree plot 
indicated the number of factors to be taken into account. 
To ensure maximum variability, "varimax rotation" was 
implemented. This rotation method allowed for a more effi-
cient analysis of the interrelationships among variables, as 
it grouped the numerous variables into a reduced set. The 
factor score for an observation on a particular principal com-
ponent is computed using the coefficients obtained during 
the PCA. Let Fi be the factor score for the ith observation on 
a given principal component, and X1, X2, …,Xp be the stand-
ardized variables (variables with Z-scores). The equation is:

(1)Z =
(X − �)

�

(2)Fi =

P
∑

J=1

(aij.Zj)

Here aij is the loading of the jth variable on the ith prin-
cipal component, and Zj is the Z-score of the jth variable for 
the ith observation.

Hierarchical Cluster Analysis (HCA)

Numerous groundwater sample locations were grouped 
using the Hierarchical Cluster Analysis (HCA) method 
based on qualitative similarities in the data. This separa-
tion aids in the identification of contamination sources by 
highlighting groups of wells with similar physicochemical 
characteristics. Hierarchical Cluster Analysis (HCA) was 
utilized to classify groundwater sample sites into groups or 
classes that had similarities in terms of groundwater quality 
but were distinct from one another. HCA is an unsupervised 
method that shows a dataset’s underlying behavior with-
out making assumptions. In order to identify the origins of 
groundwater pollution, it attempts to categorize components 
based on their similarities. Cluster Analysis can be classified 
into two major categories: hierarchical and non-hierarchical. 
Hierarchical Cluster Analysis (HCA) involves clustering 
similar pairs sequentially and combining them in progres-
sively larger clusters. Clustering results are presented in the 
form of a dendrogram, which provides a visual overview of 
the process. The Z-score dataset was used in this study for 
HCA, which minimizes sums of squares by evaluating dis-
tances between clusters [20], Kruskal and Landwehr, [28], 
Otto, [32], [38].

Results and Discussion

The data on groundwater levels were collected from India-
WRIS portal for the year 2018-pre monsoon season. The 
shallow depth of groundwater varies from 9.54 to 97.45 fbgl 
in the alluvial region (Fig. 3). The area shown with blue 
color highlights shallow depth in comparison of the area 
shown with red color.

Principal Component Analysis (PCA) examining inter-
correlations among various groundwater quality parameters 
provides valuable insights into their relationships. The inter-
correlation results (Table 1 and 3) demonstrate significant 
associations between several parameters. For example, the 
correlation between nitrate (NO3

−) and total dissolved sol-
ids (TDS) is good correlation at 0.70, suggesting a notable 
relationship between these two variables. Similarly, chloride 
(Cl−) exhibits a strong correlation of 0.83 with TDS, indicat-
ing a strong connection between chloride levels and overall 
dissolved solids.

Moreover, sulfate (SO4
2−) shows a good correlation of 

0.76 with TDS, further emphasizing its relationship with 
the dissolved solids in the groundwater. The strong corre-
lation between Mg and TH can be scientifically explained 
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by their interdependence in groundwater chemistry. Mag-
nesium (Mg2+) is a common cation found in groundwater, 
often associated with the dissolution of magnesium-bearing 
minerals in the aquifer. Total Hardness (TH) is a measure 
of the combined concentrations of calcium and magnesium 

ions in water. Given their common source and shared geo-
logical origins, Mg2+ and TH exhibit a high positive corre-
lation at 0.94. The dissolution of minerals containing both 
magnesium (Mg2+) and calcium (Ca2+) contributes to the 
simultaneous increase in their concentrations in groundwa-
ter, thereby resulting in a strong correlation.

Fig. 3   Shallow depth of groundwater, 2018-pre monsoon

Table 1   Groundwater 
quality parameters-spearman 
correlation

The bold values indicate good as well as high correlation

Parameters pH TDS NO3
− F− Cl− SO4

2− Ca2+ Mg2+ ALK TH

pH 1.00
TDS − 0.04 1.00
NO3

− − 0.24 0.70 1.00
F− 0.19 0.35 0.15 1.00
Cl− 0.14 0.83 0.50 0.20 1.00
SO4

2− − 0.31 0.76 0.52 0.17 0.52 1.00
Ca2+ − 0.05 0.41 0.55 − 0.18 0.41 0.30 1.00
Mg2+ − 0.32 0.78 0.81 0.09 0.60 0.72 0.63 1.00
ALK 0.06 0.51 0.19 0.64 0.24 0.42 − 0.23 0.20 1.00
TH − 0.25 0.70 0.80 − 0.04 0.59 0.59 0.83 0.94 0.03 1.00
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Principal Components and Factor Scores (PCA & FS)

Table 2 shows the initial eigenvalues signifying the vari-
ances attributed to factors influencing groundwater qual-
ity. Table 2 displays the results of the statistical analysis, 
incorporating 10 principal components, corresponding to 
the inclusion of 10 water quality parameters in the analysis. 
Specifically, the consideration was given to the first three 
Principal Components, as their eigenvalues surpassed the 
threshold of 1. The Extraction Sums of Squared Loadings, 
based on eigenvalues greater than 1, indicate that these fac-
tors collectively account for a larger proportion of the total 
variation in the data compared to individual parameters. 
Conversely, factors with eigenvalues less than 1 explain a 
smaller proportion of the total variation and are not con-
sidered further in the Rotation Sums of Squared Loadings, 
resulting in a reduction in the number of variables.

Three principal components with varimax rotation having 
eigenvalues greater than 1 which explained 77.15% of cumu-
lative variance (Table 2) were extracted in SPSS environ-
ment. The factor loadings for PC-1 (TDS, NO3

−, Cl−, SO4
2−, 

Mg2+) showed 43.04% of total variance from the dataset. 
The PC-2 highlighted 16.11% of variance with high posi-
tive loadings on (F−, ALK) parameters. The PC-3 observed 
18% variability containing (pH, Ca2+, TH) parameters. The 
factor loadings for PCs are described in Table 3. After the 
PC extraction, factor scores at each well location were used 
for spatial distribution of individual PCs as well as a com-
posite PC in GIS environment considering IDW interpo-
lation method (Ghosh and Kanchan, [15], Loganathan and 
Ahmed [1]. These maps highlighted the areas contaminated 
from anthropogenic sources having FS > 2 as shown in the 
Figs. 4, 5, 6, 7.

The PC-1 map (Fig. 4), associated with high positive 
loadings of TDS, NO3

−, Cl−, SO4
2−, and Mg2+ groundwater 

quality parameters which can be attributed as anthropogenic 
factor occurring from sources such as extensive use of fer-
tilizers in agriculture, wastes from animal husbandry and 
improper arrangement of septic tanks and soak pits. The 
agricultural activities of rural area, petro-chemicals based 
industries and shallow depth of groundwater (around 35 
fbgl) are the prominent causes for high factor scores of 
PC-1 in the northern parts of the alluvial region. The wells 
24 and 50 showing higher factor scores are located near a 
small river stream and an industrial pocket respectively. 
The dumping of ill-treated industrial waste water into small 
streams that eventually percolates toward groundwater is 
another significant factor which explains high loadings of 
Mg and TDS parameters. The gradual decrease in factors 

Table 2   Principal component analysis (MOJS-DDWAS-2018-Pre)

Total variance explained

PC Initial eigenvalues Extraction sums squared loadings Rotation sums squared loadings

Total Variance% Cumulative% Total Variance% Cumulative% Total % Variance Cumulative %

1 4.304 43.04 43.04 4.304 43.04 43.04 4.963 49.634 49.634
2 1.611 16.11 59.15 1.611 16.11 59.15 1.383 13.830 78.691
3 1.8 18 77.15 1.8 18 77.15 1.523 15.226 64.860
4 0.827 8.27 85.42
5 0.512 5.12 90.54
6 0.468 4.68 95.22
7 0.348 3.48 98.7
8 0.063 0.63 99.33
9 0.06 0.6 100
10 0.00002 0.0002 100

Table 3   Factor loadings for PCs after Varimax Rotation

Extraction Method: Principal Component Analysis, Rotation Method: 
Varimax with Kaiser Normalization. Rotation converged in 4 itera-
tions

Rotated component matrix

GWQ parameters Component

PC-1 PC-2 PC-3

TDS 0.919
NO3

− 0.783
Cl− 0.705
SO4

2− 0.943
Mg2+ 0.954
TH 0.511
ALK 0.818
F− 0.793
pH 0.350
Ca2+ 0.939
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scores is in alignment with the movement of groundwater 
from North-East to South-West direction.

In Fig. 5, the PC-2 map shows significant positive load-
ings for the F− and ALK groundwater quality parameters. 
Higher factor scores are observed in the northern and cen-
tral parts of the alluvial region, where the groundwater 
depth is relatively deeper (approximately 70 fbgl). The 
elevated factor scores in these areas can be attributed to 
several factors, including excessive groundwater exploita-
tion, extensive use of phosphate-based fertilizers and the 
discharge of industrial wastes. Specifically, in the northern 
zone, well 26 and in the central zone, wells 42 and 43 are 
situated near small river stretches, while well 44 is located 
in close proximity to small-scale industries within the cen-
tral zone.

The PC-3 map (Fig. 6) shows high positive loadings 
of both TH, Ca2+ and pH parameters observed mostly in 

northern parts of the alluvial region where the depth of 
groundwater is comparatively shallow (around 40 fbgl). 
The higher factor scores from PC-2 also pointed toward the 
anthropogenic category of contamination source such as an 
industrial area that causes mixing of waste water into small 
drains which infiltrates into the groundwater. The well 8 
located in the northern zone is falling in such an industrial 
pocket where majority of the medium scale materials manu-
facturing units exist.

The composite map (Fig.  7) obtained from overlay 
analysis in GIS environment helped in identification of 
the contamination sources. The majority of the contami-
nated pockets were identified in the northern (wells 6, 8, 
15 and 24) and central parts (43 and 44) of the alluvial 
region showing factor score greater than 2 being consid-
ered as the anthropogenic contamination sources. The con-
ventional agriculture practices, rapid growth of minerals, 

Fig. 4   PC1-2018-pre (TDS, NO3
−, Cl−, SO4

2−, Mg2+)
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disposal of industrial effluents as well as shallow depth of 
groundwater are the key anthropogenic sources responsible 
for contamination. The overlay analysis also highlighted 
a few pockets in the central alluvial region having factor 
scores greater than 1 which required continuous moni-
toring. The non polluted wells were majorly observed in 
the southern and western parts of the alluvial region with 
comparatively high depth of groundwater and the negative 
factor scores toward perennial Mahi and Narmada rivers. 
Table 4 displays the potential origin of contamination that 
requires additional verification through a Ground Truth 
Study (GTS).

Hierarchical Cluster Analysis (HCA)

The Fig. 8 below displays the cluster distribution of well 
sites as determined by HCA. In addition to being used in 

PCA, the Z-scores from the groundwater quality dataset 
were also used in hierarchical cluster analysis (Machiwal 
and Jha, [30]. Squared Euclidean distances were used as a 
similarity metric in the analysis along with the ward’s link-
age approach (Loganathan and Ahmed, [1]. The dataset was 
divided into 4 significant clusters using the hierarchical clus-
ter analysis. Understanding the distribution of well locations 
within each cluster (Table 5) and the average values of each 
quality parameter (Table 6) was made simpler with the aid 
of the Dendrogram generated from the HCA and displayed 
in Fig. 9.

Dendrogram is created by iteratively merging or splitting 
clusters in a hierarchical manner. The vertical lines in the 
dendrogram represent the individual well number, and the 
horizontal lines indicate the merging or splitting of clus-
ters at different levels of similarity. The height at which two 

Fig. 5   PC2-2018-pre (F−, ALK)
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branches merge in the dendrogram corresponds to the level 
of similarity or distance at which the clustering occurs.

The cluster 1 majorly located in southern parts showed 
64% of the well samples with moderate mean values of 
pH (7.83), Ca2+ (73 mg/L) and TH (418 mg/L) ground-
water quality parameters. The Fig. 8 highlighted cluster 2 
containing 18% of well samples in the central and west-
ern parts with high ALK (644 mg/L) and F− (1.19 mg/L) 
parameters. The Cluster 3, which included 12% of well 
locations with high mean values of NO3

−(98 mg/L), Mg2+ 
(122 mg/L) and TH (912 mg/L) explaining high anthropo-
genic sources in shallow aquifers of alluvial region. The well 
number 24 came under cluster-4 with the highest amount of 
NO3

− (284 mg/L), TDS (4120 mg/L), SO4
2− (473 mg/L), 

Mg2+ (424 mg/L) and TH (1810 mg/L) pointing toward 
severe contamination from anthropogenic sources.

After conducting Principal Components Analysis (PCA), 
Factor Score Analysis (FSA) and Hierarchical Cluster Anal-
ysis (HCA) using secondary data of 50 well locations, the 
wells were classified into three Principal Components (PCs) 
and four Clusters.

In case, the NO3
− concentration more than 45 mg/l 

observed in groundwater at particular well, then there are 
various possible sources either rural sanitation or indus-
trial effluents or usage of excess fertilizers in farms. In 
this situation, Ground Truth Study (GTS) confirm Specific 
sources along with specific course of action. A GTS was 
afterward conducted exclusively for those wells where at 
least one or more physico-chemical parameters exceeded 
the permissible limits. While the analyzes of PCA, FSA 
and HCA provided insights into the classification and 

Fig. 6   PC3-2018-pre (pH, TH, Ca2+)
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grouping of well locations, they were unable to pinpoint 
the actual causes of contamination, be it anthropogenic, 
geogenic or a combination of both. However, through the 
incorporation of location-specific characteristics, integral 
to the GTS, we could discern and elucidate the precise 
causes of contamination.

Ground Truth Study (GTS)

After identification of the contamination sources based on 
secondary data, it is at most necessary to verify present sta-
tus of contaminants in groundwater by Ground Truth Study. 
GTS includes conducting field investigations, sampling of 
groundwater and analyzing the collected samples to gather 
precise and reliable information about the contamination 
sources and their characteristics. The well mentioned in 
Table 7 was subjected to testing, which confirmed that the 
dominant parameter for each well exceeded its permissible 
limit as per IS 10500: 2012 [23].

Based on the analysis of FS (Factor Score) and HCA 
(Hierarchical Cluster Analysis), total 4 clusters have been 
identified. Out of the 50 well locations studied, only 15 wells 
exhibited factor scores indicating a significant presence of 

Fig. 7   Composite PC (2018-pre)

Table 4   Source identification by PCA

Sr. No Factor score range Remarks

1 < 1 Non polluted
2 1–1.5 Geogenic + anthropo-

genic or geogenic
3 1.5–2 Anthropogenic
4 > 2.0 Highly anthropogenic
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anthropogenic activities as well as geogenic in their vicinity. 
Moreover, a Ground Truth Study (GTS) was conducted to 
verify actual cause of type of contamination source.

Conclusion

Present study area includes high industrial zone of central 
Gujarat, where due considerations of hazardous activities 
of disposal of harmful effluents, high usage of fertilizer for 
agriculture, animal husbandry activities in near Vadodara 
district are responsible for groundwater contamination. This 
research stands out from conventional methods by integrat-
ing field conditions and delving into the root causes of con-
tamination. This research is not limited to merely identifying 
contamination sources but it includes precisely determine 
the actual causes of sources of contamination through 
Ground Truth Study for decision makers to prescribe appro-
priate groundwater management strategy.

Fig. 8   Spatial distribution of Clusters from HCA

Table 5   Cluster classification

Clusters Well locations

Cluster-1 1, 2, 4, 5, 7, 10, 11, 12, 13, 14, 16, 17, 18, 19, 20, 22, 
23, 25, 27, 29, 30, 31, 33, 34, 35, 36, 40, 45, 46, 47, 
48, 49

Cluster-2 3, 26, 32, 37, 38, 39, 41, 42, 43
Cluster-3 6, 8, 9, 15, 21, 28, 44, 50
Cluster-4 24

Table 6   Average of GWQ 
parameters for each cluster

Cluster pH TDS NO3
− F− Cl− SO4

2− Ca2+ Mg2+ TH ALK

1 7.83 859 39 0.63 191 29 73 57 418 381
2 7.88 1076 19 1.19 208 29 30 36 226 644
3 7.70 1700 98 0.87 362 78 161 122 912 543
4 7.00 4120 284 0.54 848 473 24 424 1810 602
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Fig. 9   Dendrogram for 2018-Pre-Monsoon data (MOJS-DDWAS)
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	 1.	 The utilization of multivariate statistical analysis meth-
ods, including Principal Component Analysis (PCA), 
Factor Analysis (FSA) and Hierarchical Cluster Analy-
sis (HCA), on a substantial groundwater quality dataset 
has proven effective in reducing data dimensionality, 
interpreting variable structures, and identifying inher-
ent clusters. Following this, the integration of Ground 
Truth Study (GTS) enhances the results by precisely 
locating contamination sources within the alluvial 
region.

	 2.	 In this study, the initial step involves narrowing down 
the contaminated zones and identifying a specific num-
ber of wells exhibiting high and severe contamination. 
Subsequently, the GTS tool has been strategically 
employed to verify specific sources of contamination 
in those prioritized areas.

	 3.	 The PC-1 (TDS, NO3
−, Cl−, SO4

2−, Mg2+), PC-2 (F−, 
ALK) and PC-3 (pH, TH, Ca2+) all three components 
pointed toward the same pockets i.e., northern and cen-
tral parts which have been highly contaminated with 
anthropogenic sources thus a composite PC map pre-
pared in GIS environment using overlay analysis better 
visualized the highly contaminated zone.

	 4.	 Based on individual PC maps, the two main peren-
nial rivers Mahi and Narmada flowing in the western 
and eastern parts respectively of the alluvial region 
and shallow depth of groundwater toward these riv-
ers is influencing the gradual decrease in factor scores 
(Fig. 7).

	 5.	 The well locations showing factor scores higher than 1 
came under cluster 3 and 4 indicating these clusters to 
be affected from anthropogenic sources. The cluster 2 
also contained wells with positive factor scores greater 
than 1 which pointed toward continuous monitoring of 
such clusters which are being affected with geogenic 
and anthropogenic sources combined.

	 6.	 A large number of wells fell under cluster 1 having 
negative factor scores being considered as non-polluted 
were observed in the southern and western parts of the 
alluvial region.

	 7.	 Cluster 2 primarily encompasses the central region of 
the study area, with the majority of wells exhibiting a 
shared characteristic of high alkalinity. Consequently, 
PC-2 assumes prominence within this cluster, and the 
majority of wells exhibit factor scores exceeding 1. 
Notably, GTS observations in this specific area suggest 
that the contamination source for Cluster 2 and PC-2 
is linked to significant improper solid waste disposal 
activities.

	 8.	 Cluster 3 predominantly comprises wells located in 
the upper north zone of the study area. The analysis 
of Hierarchical Cluster Analysis (HCA) and Princi-
pal Component Analysis (PCA) indicates that the Ta
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primary component influencing cluster 3 is PC3 and 
PC1, which includes variables such as Total Dissolved 
Solids (TDS) and Total Hardness (TH). A distinct 
characteristic shared by all wells in Cluster 3 is a high 
level of Total Hardness, which can be attributed to 
their proximity to industrial areas, as verified by the 
Ground Truth Study (GTS). Consequently, a significant 
number of these wells exhibit high levels of Nitrate 
concentration.

	 9.	 Well number 24 within Cluster 4 revealed a highly 
contaminated area in the northern part. Ground Truth 
Study (GTS) verification confirmed that the primary 
factors contributing to this contamination are the 
excessive use of Urea, coupled with practices associ-
ated with animal husbandry and the improper disposal 
of domestic waste near a pond.

	10.	 The recommendations of groundwater management 
can be evaluated with MCDM and numerical simula-
tion as a future scope of this research.
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