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Abstract

Freshwater reservoirs are strongly influenced by seasonal hydrological changes, yet integrated
assessments combining annual comparisons and multivariate statistical analysis remain limited for Singhpur
Barrage Reservoir, Madhya Pradesh, India. This study evaluated physicochemical water-quality variations
across winter, summer, and monsoon during 2024-25 and 2025-26 using 24 observations. Descriptive statistics,
normality testing, parametric and non-parametric comparisons, Spearman correlation, principal component
analysis, and hierarchical cluster analysis were applied. Significant seasonal variation occurred in electrical
conductivity, pH, chloride, alkalinity, fluoride, iron, total hardness, calcium, magnesium, sulphate, sodium, and
potassium. Summer generally exhibited higher ionic and mineral concentrations, while monsoon conditions
were associated with increased suspended matter and reduced transparency. Annual differences were mainly
observed for water temperature, chloride, and selected mineral-related variables. Strong positive correlations
were found among conductivity, sulphate, magnesium, potassium, iron, and hardness, whereas transparency
showed a strong negative relationship with suspended solids. Five principal components explained 87.206% of
the total variance, although the low KMO value indicated that the PCA findings should be interpreted
cautiously. Hierarchical clustering identified mineral, ionic, physical, optical, and general physicochemical
groups. The findings highlight the importance of seasonal and long-term monitoring for sustainable reservoir
management and water-resource planning.

Keywords: Singhpur Barrage Reservoir, physicochemical water quality, seasonal variation, multivariate
statistical analysis, principal component analysis, hierarchical cluster analysis

Monitoring of water quality per season is therefore
crucial in sustainable reservoir management as the

1. Introduction degradation in water quality could impact both the
1.1 Importance of Freshwater Reservoirs domesti.c use and igigation efficiency, fish
Freshwater reservoirs play a vital role in regional production, and ecological health (Mamun et al.,
water-resource systems due to their functions of 2021; Liu et al., 2020).

irrigation, drinking-water supply, fisheries, flood 1.2 Importaqce of Physicochemical Assgssmeqt
control, conservation of biodiversity, recreation and P h}./swochemlcaI parameters are an immediate
livelihoods. They play a significant role in the indicator of the status and functioning of freshwater
ecology and economic value in area with systems.} The temperature of‘ the water affects
seasonality of water availability, especially in semi- metabolic  processes, solubility and rates of
arid and in area with monsoon. Reservoirs also act chemical reactions, and tolerance levels to
as a dynamic aquatic environment where all inputs biological organisms, and pH affects nutrient
from the hydrological processes, catchment availability, metal mobility and biological
processes, sediment transport and human activities tolerance. Electrical conductivity is an indicator of
are in constant interaction. Hence, it is essential to the number of ions in the solution and total
maintain the quality of the water in the reservoir for dissolved solids (TDS) is a measure of both
human consumption as well as for maintaining the inorganic and organic matter in the solution.
aquatic productivity and ecosystem stability. Turbidity and transparency are a measure of the

optical quality of water and are influenced by
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suspended particles, erosion, number of plankton
and runoff. TOTAL HARDNESS, CALCIUM,
MAGNESIUM, CHLORIDE, SULPHATE,
SODIUM, POTASSIUM, IRON, ALKALINITY
and FLUORIDE are useful in determining mineral
dissolution, geology of the catchment area,
evaporation and potential anthropogenic inputs.
These variables assessed in combination, can help
identify if the water in the reservoir is suitable for
aquatic life and various human activities. Such
integrated multidimensional physicochemical were
found to be successful in the Indian and
international studies of surface waters (George et
al., 2017; Gyimah et al., 2021).

1.3 Seasonal Variation in Tropical Reservoirs

It has been observed that the water chemistry in
tropical reservoirs is drastically altered during the
different seasons of winter, summer and monsoon
season. Typically, water chemistry, evaporation and
temperatures are lower under winter conditions. In
summer, high temperature and evaporation can
change  these  parameters including  the
concentration of dissolved salts, conductivity,
hardness and pH. Monsoon rainfall can have both
positive and negative consequences (diluting
effects) on some of the dissolved constituents, but
also a positive influence on increasing the
concentration of turbidity and suspended solids,
nutrient input and ions from catchment surface
runoff. Flow conditions can thus vary seasonally,
and change the physical and chemical
characteristics of reservoir waters. Past research
has indicated that monsoon intensity and drought,
inflow and seasonal runoff are significant drivers of
variations in the water-quality patterns of
reservoirs, lakes and rivers (Ouyang et al., 2006;
Sharma & Ravichandran, 2021). Seasonal and
spatial assessments are especially beneficial as a
single annual mean could mask short-term declines
and/or hydrological changes (Lencha et al., 2021;
Niu et al., 2021).

1.4 Importance of Multivariate Statistical
Analysis

Typically, there will be many related variables in
water-quality data that will complicate the
interpretation of the data if only univariate
techniques are used. Correlation analysis can be
used to determine positive and negative relations
between parameters, and can help to identify
common hadrochemical controls. PCA is a method
that will make a large number of variables into a
smaller number of variables representing the
dominant sources/processes. For hierarchical
cluster analysis to group together variables for
similar behaviour, distinguishing mineral, ionic,
physical and optical characteristics can be done.
Many of these methods have been applied to the
surface water to recognize temporal patterns,
pollution sources and hadrochemical association
(Shrestha & Kazama, 2007; Singh et al., 2004).
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Multivariate methods also help in better
interpretation as it helps to distinguish natural
geochemical influences from any seasonal or
anthropogenic effects (Goswami &Kalamdhad,
2024; Singh et al., 2005).

Objectives of the study

Although several Indian rivers, lakes, and
reservoirs have been examined using seasonal and
multivariate approaches, integrated interannual
evaluation of Singhpur Barrage remains limited.

e To assess the seasonal variation in the
physicochemical characteristics of
Singhpur Barrage during winter, summer,
and monsoon across the two monitoring
years.

e To compare the water-quality parameters
of Singhpur Barrage between 2024-25
and 2025-26 and identify statistically
significant interannual differences.

e To examine relationships and dominant
patterns among the physicochemical
parameters using correlation analysis,
principal component analysis, and
hierarchical cluster analysis.

2. Materials and Methods

2.1 Study Area

The study was carried out at Singhpur Barrage near
Singhpur-Lavkushnagar, =~ Chhatarpur  district,
Madhya Pradesh in Central India. The reservoir
was built in 2017-2018 to be used for irrigation,
water supply and flood-control. It occupies around
6000ha with an average depth of around 10m, a
maximum depth of almost 12m and a gross
capacity of around 24.5 million m?. The catchment
covers an area of almost 257.71 km? and is served
by small streams and the surface run-off from the
catchment during the rainy season. The regional
hydrology is of a monsoonal nature, with the
catchment inflow and rainfalls mainly happening
during the rainy season, and relatively low in the
winter and summer seasons. It is believed that these
seasonal variations will affect the reservoir's
dilution, evaporation, sediment loads and ionic
concentrations.
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Figure 1. Location map of Singhpur Barrage,
Chhatarpur District, Madhya Pradesh, India.
Source:  OpenStreetMap  Contributors. (2026).
OpenStreetMap. https://www.openstreetmap.org

2.2 Sampling Design

Monitoring took place over two years (2024-25
and 2025-26) and water-quality observations were
evaluated for those two monitoring years.
Collection of samples was laid out in three seasons
namely winter, summer and monsoon. Twelve
observations were made each season (4 sample
sites x 3 seasons) and twenty-four observations
were made in the combined data set. The site-level
observations were used as seasonal replicates to
make interannual and seasonal statistical
comparisons.

2.3 Water Sample Collection

The water samples were taken using clean properly
labeled containers from selected sampling location.
Field parameters were noted at or near the
sampling stations and samples collected for
laboratory determination were preserved under
appropriate conditions and sent quickly to the
laboratory to minimize any changes in the physical,
chemical or biological characteristics of the
sample. To prevent contamination in the collection,
storage and transportation, standard precautions
were adhered to.

2.4 Physicochemical Analysis

Water  temperature,  electrical ~ conductivity,
turbidity, transparency, total dissolved solids, total
suspended solids, depth, pH chloride, alkalinity,
fluoride, iron, total hardness, calcium, magnesium,
sulphate, sodium and potassium were measured.
The temperature was measured with the help of a
thermometer, the pH, conductivity and TDS were
measured by the suitable meters, transparency was
measured by observation of Secchi-disc and TSS
by filtration and gravimetric measurement. The
chloride, alkalinity and hardness were evaluated by
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titrimetric methods while fluoride, iron, calcium,
magnesium, sulphate, sodium and potassium were
evaluated by laboratory testing. Nitrate was not
used in the final multivariate analyses due to not
being analytically suitable for stable multivariate
interpretation.

2.5 Statistical Analysis

Descriptive  statistics were: mean, standard
deviation, minimum, maximum and coefficient of
variation. The Shapiro — Wilk test was used to test
for normality. Independent-samples t-test and
Mann—Whitney U test were used to analyze
interannual differences. One-way analysis of
variance (ANOVA) and Kruskal-Wallis tests were
used to compare for seasonal differences followed
by pairwise comparisons when appropriate.
Association between variables were tested by
spearman's rank correlation. Due to limited
sampling adequacy, principal component analysis
was used as exploratory and hierarchical cluster
analysis used average linkage between groups and
correlation-based similarity.

Table 1. Summary of sampling and statistical
design

Component Description
Study period 2024-25 and 2025-26
Seasons Winter, summer, monsoon

Sampling sites Four sites per season

Total observations | 24

Variables retained 18 physicochemical parameters

Year comparison t-test and Mann—Whitney U

Seasonal ANOVA, Kruskal-Wallis, pairwise
comparison tests

Multivariate Spearman correlation, exploratory
analysis PCA, hierarchical clustering

3.1 Descriptive Statistics

The results of descriptive analysis in Table 2
revealed that there was a significant difference
between the physicochemical characteristics of
Singhpur Barrage Reservoir during the different
seasons. Generally, the water temperature,
electrical conductivity, total dissolved solids and
pH and most of the ionic parameters were higher in
the summer and the suspended solids were slightly
higher (with lower transparency) in the monsoon.
Table 2. Seasonal descriptive statistics of
physicochemical parameters

Winter, Summer,
Monsoon,

Parameter mean =+ | mean =+ mean  SD

SD SD
Water 26.86 =+ | 29.63 + | 30.88 +
temperature 4.52 1.60 0.83
Electrical 367.63 £ | 1013.88 + | 839.38 =+
conductivity 40.64 47.06 79.02

. 319 £ 2.88 +

Turbidity 052 037 3.00+0.41
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Transparency (1)2133 = (1)§§1§ = 1.71+£0.22
Total dissolved | 151.38 + | 171.88 £ | 161.63 +
solids 13.67 15.84 7.03
Total 1775 +| 1775 1875 =+
suspended 1.04 2.05 2.05
solids : i :
1075 +| 1075 +| 1075 =
Water depth 0.89 0.89 0.89
721 = | 761 =
pH 031 olo 7354036
. 3273 = | 20225 <+ | 19488 =
Chloride 1.70 178.16 171.28
Total alkalinity é2036'13 * 28236'50 * 59200'00 *
Fluoride 8}? = ggg =1 0172001
016 +|057 =
Iron 0.03 038 0.33+0.05
164.63 £ | 32875 + | 19813 =+
Total hardness |/ 5 127.71 35.95
Calci 4763 +| 11138 = | 4350 =
alcium 4.24 57.02 8.42
Masnesiam 6.08 = | 2469 = | 1244 =
& 0.45 18.91 6.18
Subhate 544 = | 8000 < | 1046 =
P 0.50 75.75 2.38
Sodi 1413 = | 17.63 = | 1588 =
odium 1.36 1.19 1.13
. 371 = | 478 =
Potassium 034 023 4.50+0.32

Note: Values are presented as mean + standard
deviation; n = 8 observations per season.

Water temperature increased from 26.86 + 4.52°C
in winter to 30.88 + 0.83°C in the monsoon.
Electrical conductivity was minimum in winter and
maximum in summer which suggest that the ionic
concentration was higher during dry season as
compared to rainy season. The other parameters,
such as, total hardness, calcium, magnesium,
sulphate, chloride, sodium and potassium also
exhibited their maximum mean values during
summer. By contrast, there was little difference in
turbidity between the seasons and water depth was
constant. The overall descriptive results indicate
that under summer conditions dissolved minerals
were concentrated and monsoon conditions helped
in increasing suspended matter and decreasing the
water clarity.

Figure 2 illustrates the seasonal variation in the
mean values of the measured physicochemical
parameters across the study period.
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Figure 2. Seasonal mean profile plot showing
variations in the physicochemical parameters of
Singhpur Barrage Reservoir across winter,
summer, and monsoon seasons.

3.2 Normality Assessment

The Shapiro-Wilk test was used to test the
normality of the distribution for the variables of the
physicochemical parameters in each year—season
group. No significant deviation from normality (p >
.05) was observed for majority of the parameters as
given in the Table 3. But, the water temperature
distribution in summer of 2024-25, monsoon of
202425 and monsoon of 2025-26 was found to be
non-normal. The alkalinity was found to be non-
normal during summer and monsoon of 2025-26
and pH deviated slightly during monsoon of 2025-
26. Thus, in the following comparisons both
parametric and non-parametric tests were taken
into account.

Table 3. Physicochemical parameters showing
significant Shapiro—Wilk results

Stu f(l:fp ! .
dza lSleaso :’ez:rame Wilk val :il:)tlfrpreta
Z statisti | ue
c
202 Water
4— Summ temperat | 0.630 00| Non-
er 1 normal
25 ure
202 Water
4 | Mons temperat | 0.630 00} Non-
oon 1 normal
25 ure
202 Mons Water .02 | Non-
5— temperat | 0.729
oon 4 normal
26 ure
202
5 Mons pH 0753 .04 | Non-
oon 1 normal
26
202 Summ | Alkalini .00 Non-
> er t 0.630 1 normal
26 Y
202 Mons Alkalini .00 | Non-
5—- 0.630
26 oon ty 1 normal
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Note: Only statistically significant Shapiro—Wilk
results are shown. All remaining parameters had p
>.05.

3.3 Comparison Between Years

Table 4 showed that most of the variables were
relatively stable when compared between the two
monitoring years while only few physicochemical
parameters were significantly different. The water
temperature, chloride content, Fe, total hardness,
Mg and SO4 contents were found to differ
significantly (p < 0.05) using the independent
samples t-test. However, the electrical conductivity,
turbidity, transparency, total dissolved solids, total
suspended solids, water depth, pH, alkalinity,
fluoride, calcium, sodium and potassium
concentrations in the water did not show significant
differences among the study years. The Mann—
Whitney U test confirmed these results and
revealed significant differences between the years
for water temperature, and chloride concentration,
but not for the other parameters. Overall, the results
suggest that there were little variations in the
hydrochemical characteristics of the reservoir from
one year to the other, except for some of the
mineral related parameters and temperature.

Table 4. Comparison of physicochemical
parameters between the two study years

Journal of Animal Environment, Vol. 18, No. 2s, Spring 2026

Sulphate 0.027* 0.106 | Significant (-
test only)

Sodium 0.338 0350 | Not.
significant

Potassium | 0.743 0467 | Not.
significant

Note: Variables with p < 0.05 are considered
statistically significant. Both parametric and non-
parametric tests were performed because selected
variables showed deviations from normality.

3.4 Seasonal Variation

One-way Analysis of Variance (ANOVA) and
Kruskal-Wallis test was used to determine the
existence of seasonal variation. In Table 5 the
results of ANOVA indicated the significance of the
difference between the water temperature, electrical
conductivity, total dissolved solids, pH, chloride,
alkalinity, iron, total hardness, calcium,
magnesium, sulphate, sodium and potassium
contents of the water samples collected in different
seasons. Most of the ionic and mineral related
parameters like Electrical conductivity, pH,
chloride, alkalinity, fluoride, iron, hardness,
calcium, magnesium, sulphate, sodium and
potassium showed a significant seasonal variation
which was confirmed by Kruskal-Wallis test. There
was no significant difference between the mean
values of turbidity, transparency, TSS or water
depth for the respective seasons. Results generally
suggest that the primary factor affecting the
dissolved ions, mineral concentration and water
chemistry was the seasonal conditions while the
physical characteristics of the reservoir were
relatively constant.

Table 5. ANOVA and Kruskal-Wallis results for
seasonal variation

Mann— .
Parameter :I;ﬂ?s)ten(pd)en Whitne :lnterpretatlo
yU()
Water * " .
temperature <0.001 <0.001 Significant
Electrical Not
conductivity 0886 0.644 significant
. Not
Turbidity 0.295 0.224 sigmificant
Transparenc |, (¢ 0772 | Not.
y significant
Total Not
dissolved | 0.370 0.298 O
. significant
solids
Total
suspended | 0.823 0815 | Not.
: significant
solids
Not
Water depth | 1.000 1.000 L
significant
Not
pH 0.380 0.930 significant
Chloride <0.001* 0.028* Significant
Alkalinity | 0.954 0487 | Mot
significant
Fluoride | 0.822 0908 | Not
significant
Tron 0.024% 0.174 | Significant (-
test only)
Total " Significant (z-
hardness 0.037 0.184 test only)
Calcium | 0.104 0470 | Not.
significant
Magnesium | 0.004* 0.141 | Significant (-
test only)

Krus
Parame éEO ANO | kal- KW, | Interpret
ter ’ VA,p | Walli | p ation
F
s, H
Water Significa
temperat | 4.278 2'028 3.615 2'16 nt by
ure ANOVA
Electric
al 2653 | <0.00 | 19.56 | <0.0 | Significa
conducti | 41 1* 5 01* nt
vity
e Not

Turbidit | 038 | 0.375 | 1.834 | 940 | significa
y 0

nt

Not
Transpa |y 795 | 0,191 | 2312 | 931 | significa
rency 5

nt
Total Significa
dissolve | 5.175 2'015 5.930 (2)'05 nt by
d solids ANOVA
Total y 045 Not
ZSSPG 0.842 | 0.445 | 1.558 | o significa
solids nt

Not
Water | 000 | 1.000 | 0.000 | 190 | significa
depth 0 ot
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pH aage | 930 | 1292 1900 | Significa Total hardness | 0.002* | 0.065 0.028
Chloride | 3.607 | 9045 | 1328 | 0.00 | Significa Calcium <0.001% | 0.442 <0.001%
Alkalini 3257. <0.00 19.30 <0.0 Significa Magnesium <0.001%* 0.001* 0.130
ty 001 1* 9 01* nt
003 | Significa Sulphate <0.001* | <0.001* | 0.105
Fluoride | 2.888 | 0.078 | 6.642 6'* nt by
KW Sodium <0.001* | 0.021 0.015%
Iron 6.828 8.005 15.14 0.*00 Significa
8 1 nt Potassium <0.001* | 0.001% 0.083
Total 0.001 | 11.33 | 0.00 | Significa -
hardness | 2220 | * 0 3% at Note: Values are exact two-tailed p-values. An
] 1033 | 0.001 | 1548 | <0.0 | Significa asterisk indicates significance after Bonferroni
Caleium | * 3 01* | nt correction at p < 0.0167.
Magnesi | ¢ 4, | 0.013 | 1532 [ <0.0 [ Significa 3.6 Correlation Analysis
um : * 2 01* | nt The heatmap of the Spearman correlation shown in
0.004 | 16.64 | <0.0 | Significa Figure 2 revealed some of the strong relationships
Sulphate | 7.257 - - -
* 0 01* | nt between the various physicochemical parameters.
. 1626 | <0.00 | 14.40 | 0.00 | Significa The electrical conductivity was highly and
Sodium .. . . "
9 1* 6 1* nt positively correlated with potassium (r; = 0.882),
Potassiu | 26.83 | <0.00 | 1598 | <0.0 | Significa sulphate (r; = 0.822) and magnesium (r; = 0.821)
m 7 1* 8 01* | nt and thus, a higher conductivity also yielded a

Note: ANOVA degrees of freedom were 2 and 21;
Kruskal-Wallis degrees of freedom were 2. An
asterisk indicates statistical significance at p <
0.05.

3.5 Pairwise Seasonal Comparison

Pairwise Mann Whitney tests were carried out for
parameters and results in Table 6 that indicated
there was significant seasonal variation (Bonferroni
adjusted a = 0.0167). There were significant
differences in electrical conductivity and alkalinity
among each of the three season comparisons. The
seasonal differences between winter and the
warmer seasons were the only significant ones for
the elements chloride, iron, magnesium, sulphate
and potassium. Phenological variations (winter and
summer) were also observed for the parameters pH,
total hardness, calcium and sodium. The fluoride,
calcium and sodium  concentration  were
significantly different in the summer—monsoon
comparison. These results show that the greatest
seasonal difference was in winter compared to
summer, overall.

Table 6. Significant pairwise seasonal
comparisons

Parameter Winter— Winter— Summer—
Summer Monsoon Monsoon
Electrical <0.001* | <0.001%* 0.001*
conductivity
pH <0.001* 0.105 0.021
Chloride <0.001* 0.002* 0.442
Alkalinity <0.001* <0.001* 0.002*
Fluoride 0.442 1.000 <0.001*
Iron <0.001* <0.001* 1.000

higher ionic content of the water. Chloride was also
highly correlated with sulphate (r, = 0.891) and
there was a strong positive correlation between iron
and sulphate (r; = 0.899). The highest positive
correlation value was between Mg and SO (rs =
0.958). Transparency on the other hand had a very
strong negative correlation with total suspended
solids (r; = —0.975) and a strong negative
correlation with depth (r; = —0.843). So there was a
negative correlation with water clarity as the
amount of suspended matter increased. The overall
correlation matrix implies that ionic and mineral
parameters were related each other while optical
transparency parameters decreased with increasing
physical particulates parameters.

Figure 2. Spearman correlation heatmap
showing associations among the
physicochemical parameters of Singhpur
Barrage Reservoir

3.7 Principal Component Analysis

Table 7 shows the results of the Kaiser—-Meyer—
Olkin and Bartlett test which were used to
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determine the suitability of the physicochemical
data for principal component analysis. Based on the
results of Bartlett's test of sphericity, the correlation
between the variables was sufficient as shown by
the result of the Bartlett's test which was
statistically significant, y*(171) = 648.660, p <
0.001. But, the overall sampling adequacy (KMO
value) was 0.426 which is a weak value. Thus, the
results from the PCA should be considered
exploratory and not confirmatory.

Table 7. KMO and Bartlett’s test

Test Result
Kaiser—Meyer—Olkin measure 0.426
Bartlett’s approximate y> 648.660
Degrees of freedom 171
Significance <0.001

Table 8 shows the 5 principal components that had
eigenvalues > 1. When considered together, they
accounted for 87.206% of the total variance, which
meant that a relatively few dimensions could
account for most of the variance in the water
quality of the reservoirs.

Table 8. Principal component retention and
variance explained

PCA result Value

Number of components 5

retained

Retention criterion Eigenvalue > 1

Cumqlatlve variance | ¢ 50co.

explained

Interpretation Exploratory five-

component solution

In Figure 3, it is seen that the first 5 components
had high reduction in eigenvalues and then it
levelled off, which indicated the retention of 5
components. These components were, in general,
an index of mineral and hardness, ionic
composition, physical water properties, optical
properties and a  relatively  independent
physicochemical change. Due to the low KMO
value and small sample size, caution needs to be
used to interpret the components.

Scree Plot

Eigenvalue

12 3 4 5 6 7 & 310 1 12134518 17 18 19

Component Number

Figure 3. Scree plot showing the eigenvalues of

the principal components extracted from the

physicochemical parameters.

3.8 Hierarchical Cluster Analysis

Figure 4 shows the results of hierarchical cluster

analysis (HCA) based on average linkage which led
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to five interpretable clusters of physicochemical
parameters. Hardness and mineral ions (Fe, sul,
Mg, TH, Ca and chloride) were part of Cluster I.
They are grouped on the basis of mineral
enrichment and hardness process which have very
close association. Cluster II included electrical
conductivity, alkalinity, potassium and sodium
which were in general the general ionic
composition of the reservoir. The total suspended
solids, depth and total dissolved solids (TDS) were
grouped together in Cluster III and interpreted as a
physical-characteristics  group. Turbidity and
transparency were combined in Cluster IV, which
was related to optical water-quality conditions.
There was an inverse relationship between these
variables that corresponded to an increase in
turbidity and suspended matter leading to a
decrease in water clarity. The group of water
temperature, pH and fluoride (Cluster V) was quite
independent and clustered with the other groups at
later cluster levels. The two groups with the highest
similarity coefficient (0.968) are the initial groups
of iron and sulphate. This group was then followed
by the fusion of this cluster with magnesium at
0.947. The other strong association found was
between electrical conductivity and alkalinity
(0.940) and total hardness and calcium (0.936).
Later the groups of mineral-ions and hardness
joined each other at 0.915. The dendrogram results
generally confirmed the correlation results as there
was a commonality between mineral, hardness and
ionic parameters behaviour.

Dendrogram using Average Linkage (Between Groups)
Rescaled Distance Cluster Combine

10 15 20 25
I i I 1

Iren 12
Sulphate 1

Magnesium 1

Total_Hardness 1

Calcium 1

Chioride
Electric_Concluctivity 2

Alkalnity 1

Soddum 1

Water_Temperature 1

pH

Fluoride 1

Total_Suspended_Soids

!

Depth

Total_Dissolved_Solids

Turbicity

|

4

Figure 4. Hierarchical cluster dendrogram
showing the grouping of physicochemical
parameters based on average linkage.

4. Discussion

4.1 Seasonal Water-Quality Dynamics
Physicochemical attributes of Singhpur Barrage
were distinctly different in terms of electrical
conductivity, pH, chloride, alkalinity, fluoride, iron,
total hardness, calcium, magnesium, sulphate,
sodium and potassium with respect to the different
seasons. This difference suggests that, the
hydrodynamic conditions of the season are very
important in controlling the ionic composition and
mineral balance of the reservoir. Generally, the
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electrical conductivity, alkalinity, hardness, calcium
and sodium were found to be higher in summer as
compared to other seasons, which could be
attributed to increase in evaporation, decrease in
dilution and concentration of dissolved constituents
in summer. Similar enrichment of dissolved ions
has been found in surface water in tropical regions
where high temperature and low flow causes a high
concentration of mineral ions (George et al., 2017,
Sharma & Ravichandran, 2021). No different
hydrochemical response was observed under the
monsoon conditions. Both rainfall and catchment
runoff can help to dilute some of the dissolved
constituents and lead to an increase in the amount
of suspended matter, soil derived minerals and
dissolved ions entering the reservoir. The seasonal
differences that were found for the sulphate,
magnesium, iron, chloride and potassium suggest
an impact of run-off and catchment weathering.
Lakes and reservoirs have experienced changes in
water chemistry due to changes in inflow, flood
pulses and nutrient transport that are similar to the
monsoon related changes observed in these
ecosystems (Mamun et al., 2021; Lencha et al.,
2021). Turbidity, transparency, total suspended
solids, depth and temperature, however, failed to
produce any statistically significant seasonal
differences in the Kruskal-Wallis analysis and it is
suggested that the variability within seasons and/or
among sampling sites may have limited the ability
to make statistically significant comparisons
between these data and those collected at the other
sites.

4.2 Annual Variability

When compared to 2025-26, the interannual
difference showed a few changes in the
physicochemical parameters in 2024-25. This
variation could be due to variations in rainfall, the
inflow to reservoirs, evaporation, catchment runoff,
water residence time and local human activity. The
hydrological conditions (annual) may change the
ion concentrations and sediment transport even in
the same seasons. Ouyang et al. (2006) also found
that seasonal effects can compound the effects of
precipitation and flow conditions to result
significantly  different surface-water  quality
conditions from year to year. Changes in the
relative importance of chemical parameters has
also been reported in multivariate water-quality
investigations where climatic and watershed factors
varied the relative importance of the chemical
parameters (Gyimah et al., 2021). Thus, the 2-year
comparison provides added support to the study,
and demonstrates that a single year of monitoring
does not adequately reflect the water quality of the
reservoirs.

4.3 Hydrochemical Relationships

Spearman's correlation method was used to identify
significant relationships between variables and the
results showed that there were some good
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correlations between the measured variables. The
electrical conductivity had high positive correlation
with the alkalinity, potassium, sulphate, hardness
and sodium, suggesting that the conductivity was
more influenced by the mineral ions dissolved in
water. The high positive correlation of iron,
magnesium and sulphate indicates that they are
probably from a similar geochemical and/or
catchment source. The total hardness was highly
related with calcium and this showed that the
calcium was a major contributor to the total
hardness in the reservoir. Such relationship is
similar to the previous study where strong
correlation between strong ion—conductivity and
hardness-calcium were identified to be common
hydrochemical controls (Giri et al., 2019; Singh et
al., 2020). A significant negative correlation was
found between transparency and TSS, which is
ecologically sound as increased suspended particles
will decrease the transparency. Suspended solids
were found to be significantly positively correlated
with depth, which may be due to higher
accumulation and/or resuspension at deeper depths.
Correlation analysis can be employed in this regard
to detect such correlated activity, but doesn't
necessarily prove causality. Other uses of the same
applications have helped to differentiate the natural
mineralization, sediment effects and potential
anthropogenic impacts in surface-water systems
(Kazi et al., 2009; Singh et al., 2022).

4.4 Principal Controlling Factors

Based on the findings from principal component
analysis, five components were extracted which
had a total variance of 87.206% suggesting that a
few latent processes accounted for most of the
variance in the data. These components were most
probably related to mineralization, chemistry
associated with hardness, dynamics of suspended
material and seasonality of physicochemical
effects. But the value of Kaiser-Meyer—Olkin was
0.426 which was below the acceptable limit of 0.5
and hence indicated poor sampling adequacy. The
results from the PCA are exploratory and the low
KMO values from Bartlett's test suggests that the
test results should be interpreted accordingly.
Shrestha and Kazama (2007) pointed out that PCA
can be useful to reduce the complexity of water-
quality data and Goswami and Kalamdhad (2024)
showed the usefulness of PCA in finding the
dominant processes and potential patterns of water
quality sources. In the current study, PCA is still
useful, but, with such a small sample size, one
cannot be general.

4.5 Hydrochemical Grouping

Five parameter groups were obtained by
hierarchical cluster analysis that were easily
interpretable.  There was a  cluster of
minerals/hardness related variables: Iron, sulphate,
magnesium, hardness, calcium, and chloride. The
variables of electrical conductivity, alkalinity,
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potassium and sodium constituted an ionic-strength
cluster. The physical and solids-related conditions
were TSS, depth and TDS and those of optical
quality were turbidity and transparency. Another
group consisting of water temperature, pH and
fluoride was identified that captured general
physicochemical regulation. This grouping is in
accordance with the results of Singh et al., (2004)
and Vega et al., (1998) that showed cluster analysis
could be used to present similarities between water-
quality variables and to show the common
controlling mechanisms.

4.6 Implications for Reservoir Management

The results show that the continuous monitoring
and seasonally monitoring is essential for Singhpur
Barrage. The parameters related to Ionic
concentration, Hardness, Alkalinity, Sulphate
should be given special attention during the
summer and monsoon season. Rainfall, inflow,
land-use activity and sediment movement also
should be monitored to enhance the interpretation
of changes from year to year. The dimensionally
identified parameter clusters could also help to
reduce the number of indicators to be monitored in
the future by choosing the representative indicators
from each hydrochemical group. To support a
sustainable management of the reservoirs, long
term observation of the reservoir, catchment
protection and control of runoffs, as well as
periodic evaluation of water suitability for
irrigation, fisheries and domestic purposes are
recommended.

5. Conclusion

In the present study, it was observed that different
physicochemical parameters of the Singhpur
Barrage are different in different seasons and years.
Results indicated that electrical conductivity, pH,
chloride, alkalinity, fluoride, iron, total hardness,
calcium, magnesium, sulphate, sodium and
potassium had significant seasonal differences,
reflecting the high influence of evaporation,
rainfall, runoff and dilution and of mineral inputs
from the catchment on the water chemistry of the
reservoir.  Summer season was  generally
characterized by higher mineral enrichment and
ionic concentration while during monsoon period
both dilution and transport of dissolved and
suspended matter effects were observed. The
comparison was also done between the water
quality in the reservoirs in 2024-25 and 2025-26,
demonstrating that water quality in reservoirs is not
consistent from year to year. This variability may
have been caused by alteration of the rainfall,
inflow, the water residence time, evaporation, and
the catchment activity. The conductivity data were
highly correlated with the alkalinity, hardness,
calcium, magnesium, sulphate, sodium, potassium
and iron data, which suggested common
hydrochemical controls between conductivity and
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these variables, and transparency was negatively
correlated with suspended solids, reflecting the
expected optical responses. The complex data set
was reduced to five components which accounted
for the majority of the total variance (but with low
sampling adequacies, caution needs to be used in
interpretation). The data were analyzed using
hierarchical cluster analysis (HCA) which revealed
different clusters of mineral, ionic, solids related,
optical and general physicochemical. In general the
results give a valuable base line data for Singhpur
Barrage. On-going seasonal and multi-year
monitoring is recommended focusing on
conductivity, alkalinity, hardness, major ions,
suspended solids and change in relation to rainfall.
Combining  water-quality =~ monitoring  and
catchment management and planning for use of
reservoirs, will aid sustainable irrigation, fisheries
and domestic usage and long-term ecological
conservation. Continuation of monitoring should be
conducted for a longer time frame and incorporate
more sampling sites, hydrological parameters and
biological parameters. More and larger data sets
would have enhanced the accuracy of PCA and
better allowed identification of natural and
anthropogenic influences on the water quality of
the reservoirs.

REFERENCES

1. George, P., Joseph, S., & Chidambaram, S.
(2017). Prominence of seasonal water quality
assessment in a tropical river using
multivariate analysis: Kerala, India. Applied
Water Science, 7, 2957-2966.
https://doi.org/10.1007/s13201-017-0595-4

2. Giri, A., Bharti, V. K., Kalia, S., Kumar, K.,
Raj, T., & Chaurasia, O. P. (2019). Utility of
multivariate statistical analysis to identify
factors contributing river water quality in two
different seasons in cold-arid high-altitude
region of Leh-Ladakh, India. Applied Water
Science, 9, Article 26.
https://doi.org/10.1007/s13201-019-0902-3

3. Goswami, A. P., & Kalamdhad, A. S. (2024).
Water  quality  variation and  source
apportionment using multivariate statistical
analysis. Environmental Forensics, 25(4), 205—
227.
https://doi.org/10.1080/15275922.2022.212511
2

4. Gyimah, R. A. A., Gyamfi, C., Anornu, G. K.,
Karikari, A. Y., & Tsyawo, F. W. (2021).
Multivariate statistical analysis of water quality
of the Densu River, Ghana. International
Journal of River Basin Management, 19(2),

189-199.
https://doi.org/10.1080/15715124.2020.180333
7

5. Kazi, T. G., Arain, M. B., Jamali, M. K,

Jalbani, N., Afridi, H. L, Sarfraz, R. A., Baig, J.
A., & Shah, A. Q. (2009). Assessment of water
quality of polluted lake using multivariate
statistical ~ techniques: A case  study.

436



10.

11.

12.

13.

14.

15.

Ecotoxicology and  Environmental  Safety,
72(2), 301-309.
https://doi.org/10.1016/j.ecoenv.2008.02.024
Lencha, S. M., Ulsido, M. D., & Muluneh, A.
(2021). Evaluation of seasonal and spatial
variations in water quality and identification of
potential ~ sources of  pollution using
multivariate statistical techniques for Lake
Hawassa  watershed, Ethiopia.  Applied
Sciences, 11(19), Article 8991.
https://doi.org/10.3390/app11198991

Liu, Z., Joo, J. C.,, Kang, E. B., Kim, J. H., Oh,
S.-E., & Choi, S. H. (2020). Assessment of
water quality and algae growth for the Ganwol
Reservoir  using  multivariate  statistical
analysis. International Journal of River Basin
Management, 18(2), 217-230.
https://doi.org/10.1080/15715124.2019.167270
3

Mamun, M., Atique, U., Kim, J. Y., & An, K.-
G. (2021). Seasonal water quality and algal
responses to monsoon-mediated nutrient
enrichment, flow regime, drought, and flood in
a drinking water reservoir. International
Journal of Environmental Research and Public
Health, 18(20), Article 10714.
https://doi.org/10.3390/ijerph182010714

Niu, S., Song, X., Yu, J., & Wu, J. (2021).
Evaluation of spatial and seasonal water
quality variation of urban lake by multivariate
statistical approaches for water quality
improvement.  Desalination — and — Water
Treatment, 239, 137-149.
https://doi.org/10.5004/dwt.2021.27715
OpenStreetMap Contributors. (2026).
OpenStreetMap.
https://www.openstreetmap.org

Ouyang, Y., Nkedi-Kizza, P., Wu, Q. T,
Shinde, D., & Huang, C. H. (2006).
Assessment of seasonal variations in surface
water quality. Water Research, 40(20), 3800—
3810.
https://doi.org/10.1016/j.watres.2006.08.030
Sharma, T. R., & Ravichandran, C. (2021).
Appraisal of seasonal variations in water
quality of river Cauvery using multivariate
analysis. Water Science, 35(1), 49-62.
https://doi.org/10.1080/23570008.2021.189774
1

Shrestha, S., & Kazama, F. (2007). Assessment
of surface water quality using multivariate
statistical techniques: A case study of the Fuji
River basin, Japan. Environmental Modelling
& Software, 22(4), 464-475.
https://doi.org/10.1016/j.envsoft.2006.02.001
Singh, D., Kumar, K., Singh, C., & Ahmad, T.
(2022). Assessment of water quality of Holy
Kali Bein rivulet (Punjab), India, using
multivariate statistical analysis. International
Journal  of  Environmental  Analytical
Chemistry, 102(18), 6784-6800.
https://doi.org/10.1080/03067319.2020.181742
5

Singh, H., Singh, D., Singh, S. K., & Shukla,
D. N. (2017). Assessment of river water quality
and ecological diversity through multivariate
statistical techniques and earth observation

Journal of Animal Environment, Vol. 18, No. 2s, Spring 2026

16.

17.

18.

19.

dataset of rivers Ghaghara and Gandak, India.
International  Journal of River Basin
Management, 15(3), 347-360.
https://doi.org/10.1080/15715124.2017.130015
9

Singh, K. P, Malik, A., & Sinha, S. (2005).
Water quality assessment and apportionment of
pollution sources of Gomti River (India) using
multivariate statistical techniques: A case
study. Analytica Chimica Acta, 538(1-2), 355—
374. https://doi.org/10.1016/j.aca.2005.02.006
Singh, K. P., Malik, A., Mohan, D., & Sinha, S.
(2004). Multivariate statistical techniques for
the evaluation of spatial and temporal
variations in water quality of Gomti River
(India): A case study. Water Research, 38(18),
3980-3992.
https://doi.org/10.1016/j.watres.2004.06.011
Singh, K. R., Goswami, A. P., Kalamdhad, A.
S., & Kumar, B. (2020). Assessment of surface
water quality of Pagladia, Beki and Kolong
rivers (Assam, India) using multivariate
statistical techniques. International Journal of
River Basin Management, 18(4), 511-520.
https://doi.org/10.1080/15715124.2019.156623
6

Vega, M., Pardo, R., Barrado, E., &Deban, L.
(1998). Assessment of seasonal and polluting
effects on the quality of river water by
exploratory data analysis. Water Research,
32(12), 3581-3592.
https://doi.org/10.1016/S0043-1354(98)00138-
9

437



