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A B S T R A C T

A limnological site is significantly characterized by rich biological, chemical, and physical properties of the envi-
ronment and is also described as the epitome of a large aquatic ecosystem. During the last few decades, the
Chilka lake Ramsar site has experienced substantial degradation of water quality with associated deterioration of
aquatic biodiversity. Our study aims to quantify the VWRM of the Chilka lake Ramsar region using the most reli-
able MLAs, namely ANN and RF, with the help of seventeen hydro-chemical properties of lake water. The pro-
duced map is validated through six validating measures (ROC-AUC- 0.89, Sensitivity-0.90, Specificity-0.78, PPV-
0.78, NPV-0.88, Taylor diagram (r)-0.94), which depict that ANN is the most reliable ML algorithm in assessing
the VWRM of the concerned region followed by RF. The prepared map of our study revealed that the eastern part
was remarkably high to very high vulnerable zone covered area with 22.41 % and 7.19 %, respectively.

1. Introduction

Water is one of the crucial renewable natural resources; on which all
life forms are based. The water resource is present on earth in three
forms (gaseous, liquid, and solid). According to Kumar et al. (2005) and
Ruidas et al. (2021), it is a precious gift to all forms of life by nature that
is significantly expensive to transport, difficult to de-pollute, and un-
thinkable to substitute its usage. Generally, liquid water is present on
the earth at two important places: at several depressions on the earth's
surface as surface water forms of river water, and lake water, wetland,
reservoirs, etc., and another one at the underline layer as groundwater.
Surface water is not only a source of required water but also provides
the habitat of several animal and plant species, making a distinctive
ecological diversity in a region. Among all types of surface, water lakes
are very significant from an ecological point of view, and their study
falls under the umbrella of the field of “limnology” (Bhateria and Jain,
2016a); which may contain salt water as well as fresh water, and may
be deep or shallow, and the inland nature of it gives no direct access to
the ocean significantly. The ecosystem of lake water substantially de-
pends on several physical, biological and chemical properties of avail-

able water and defines the ecological settings prominently. But in the
last few decades, the water resource system has significantly come un-
der vulnerable conditions due to many stressors, climatic variability,
and increasing demand for it (Anandhi and Kannan, 2018). Noori et al.
(2021b) asses how the quality of Sabalan lake water is experiencing
rapid deterioration due to several anthropogenic factors by introducing
significant pollution load in lake water which negatively impacts the
ecological condition of this lake. Similarly, several scholars such as
Bhat and Pandit (2014) in Wular lake, Elsayed et al. (2021a), Gad et al.
(2021) and Elsayed et al. (2021a, 2021b) assessed the surface water
quality of Qaroun lake they showed the severity of the existing lake wa-
ter. Along with this (Tanaka et al., 2013; Xu et al., 2017) estimated the
water condition of Dianchi lake and Taihu lake in China with signifi-
cant relation to land degradation in these regions. Therefore, it is estab-
lished that negative anthropogenic activities, including land use (Mack
et al., 2019), urbanization (Luo et al., 2020), and pollution load (Tian et
al., 2019), have a significant influence on the lake's health in different
parts of the world. In history, very little data has been available on
global surface water ecosystems; therefore, the United Nations environ-
mental program has employed the Earth Observation technologies and
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found significant changes in fresh water ecosystems. Several re-
searchers have studied 75,000 water bodies in 89 countries worldwide
and estimated that >40 % of areas were severely polluted (Zhongming
et al., 2021). According to Reid (2018), globally, around 785 million
people have no access to clean water, specifically one person in ten peo-
ple on the earth, and statistically, 800 children under five years of age
have died every day due to contaminated and unsafe water. Henceforth,
the adopted sustainable development goals related to the clean water
supply of the United Nations get its prime concern throughout the
world. Thus, the water resource vulnerability of surface water becomes
urgent for many water bodies by controlling pollution sources and im-
plementing proper protecting measures (Feng et al., 2021). Füssel and
Klein (2006) state that the term ‘vulnerability’ is defined in several con-
tradictory ways, and which Inter-Governmental Panel for Climate
Change (IPCC) plays an important role (Hutton et al., 2011). It is noth-
ing but a theoretical idea (Tonmoy et al., 2014) and later, this idea
transformed into a methodology and became a decision-making method
(Weaver et al., 2013). Fundamentally, vulnerability defines the state of
being and the quality of any physical component exposed to the possi-
bility of being susceptible. Henceforth, the key vulnerability assessment
and development of mitigation strategies have become primary con-
cerns in recent times (Parry et al., 2007). According to Shabbir and
Ahmad (2016), different physical vulnerabilities can be observed,
namely coastal zone, water resource, draught area, energy resource,
etc., and their assessment is the only essential tool to mitigate them. At
present, the vulnerability of water resources (VWR) has become a prime
concern of several researchers to control the water quality and conserve
the ecological balance in the environment because it is a result of a
complex interaction of ecological and social systems (Anandhi and
Kannan, 2018; Gain et al., 2013). Worldwide different water deteriorat-
ing factors such as the presence of heavy metals (Yilmaz et al., 2021),
economic development (Geng and Yi, 2006), land use land cover
(LULC) change (Li et al., 2021), the rapid growth of population (Ducey
et al., 2018), urbanization (McGrane, 2016), sediment load (Park and
Engel, 2016), and rapid increase of water demand create a vulnerable
situation for water resources (Al-Kalbani et al., 2014). Various re-
searchers (Carbajal-Hernández et al., 2013; Davis and Hirji, 2003;
Hernández-Terrones et al., 2015) have tried to show the deteriorating
nature of surface water and their adverse effect on ecosystems through-
out the world. Therefore, the Ramsar convention was held in 1971 to
conserve the surface water and their existing ecosystem and sustainable
development of the entire biodiversity-rich region by considering it a
Ramsar site. But in the last few decades maximum Ramsar site was also
affected by several anthropogenic and natural stress (Jamal et al.,
2022). In India, it has been found that water resources and the existing
ecosystem of several important Ramsar sites are under threatening con-
ditions (Mabwoga et al., 2010; Nisari and Sujatha, 2021; Singh et al.,
2017, 2021). So, the anthropogenic pressure on the existing lotic
ecosystem has caused not only degraded the present water quality
(Murray et al., 2010) but also significantly affected the existing aquatic
biodiversity that deteriorated the ecological balance (Sala et al., 2000;
Sruthy and Ramasamy, 2017). Therefore, Soonthornrangsan and Lowry
(2021), Mansour et al. (2021), and Gu et al. (2015) assessed how an-
thropogenic activities trigger the significant water resource vulnerabil-
ity in great lakes in the USA and Qiandao lake region in China, respec-
tively. Furthermore, Qin et al. (2020) show the Spatio-temporal
changes in surface water resources since 2000 of entire China. Besides,
nutrient richness in the surface water is also a prominent reason in mak-
ing water resource vulnerability (Romshoo et al., 2011) and in alter-
ation of biodiversity (Barica, 1978; Bowen and Valiela, 2001; Smith,
2003). Thus, Pellerin et al. (2016) developed nutrient monitoring sen-
sors as emerging tools in water resource studies; that can play a notable
role in water protection. Generally, the surrounding environment plays
playing an important role in making almost all issues regarding water
resource vulnerability and fragile natural systems (Filik Iscen et al.,

2008). Thus, it is necessary to estimate the water resource vulnerability
in a region to overcome the aforementioned environmental problems.
Therefore, several studies have been done on surface water quality but
very few studies have taken place regarding the VWR and its relation to
the deteriorating nature of biodiversity in a region due to available nu-
trient enrichment and immense anthropogenic stress. Although proper
water analysis can play a vital role to delineate the severely affected ar-
eas; VWRM can be an important assessment tool that can help to corre-
late derived hydro-chemical properties and anthropogenic pressure on
a region.

So far, several researchers have employed various statistical
methodological approaches to water resource studies, such as the multi-
variate statistical technique (Bui et al., 2020; Kazi et al., 2009; Shrestha
and Kazama, 2007; Singh et al., 2004), water quality index (Olasoji et
al., 2019), fuzzy method (Wang et al., 2014). McBride (2005) states
that statistical techniques have a distinctive role in water resource vul-
nerability studies. But till now, widespread studies have been done in
water studies using ML algorithm, which has more efficiency in this
field and is emerging as a most capable and promising methodological
approach in the recent decade. Most frequently used ML approach in
the different area, i.e. support vector regression (Najafzadeh et al.,
2021; Ruidas et al., 2021); artificial neural network (ANN) (Chen et al.,
2020; May et al., 2008), bagging-boosting (Hong et al., 2018), and ran-
dom forest (RF) (Chowdhuri et al., 2020) which are also significant ap-
plicability in water resource vulnerability assessment due to their relia-
bility and accuracy level. Among them, in this research work, we have
employed two crucial machine learning algorithms (MLAs), namely RF
and ANN, to develop VWRM of the Chilka Ramsar site, which is a quite
first initiative to assess the role of hydro-chemical properties and an-
thropogenic pressure on water resource vulnerability and existing salt
water biodiversity in this region. Thus, our adopted ML algorithms have
a substantial contribution to prediction; the output of ANN is associated
with discrete values, real values and represented as attribute-value
pairs and makes the fast evaluation of target function; but it signifi-
cantly depended on user ability and experience of trial and error which
may consume little more time. Apart from all of this ML algorithm is
characteristically robust in nature and minimal error cannot affect the
final output. Similarly, RF also solve the classification and regression
both problems and it automatically handles the missing data and deals
with categorical and continuous data but the complexity and time-
taking nature make some drawback. However, its robust capability, sta-
bility, and non-linear data handling efficiency make it noteworthy. In
last few decades several scholars (Alizadeh and Kavianpour, 2015;
Juahir et al., 2004; Palani et al., 2008a; Tiyasha et al., 2021) have been
successfully applied ANN modelling approach in their water quality
studies and get significant result in their objectives. Similarly
(Irandoost et al., 2021; Kouadri et al., 2021) also achieved prominent
outcomes in their water quality studies by using RF MLAs. Thus, these
adopted modelling approaches are very significant in this research
work due to their authenticity, accuracy, and precession level.

Chilka lake Ramsar site (1981) has enormous socio-economic and
ecological importance, but this place gradually became vulnerable irre-
spective of its water resource and biodiversity. This region experienced
massive threats due to rapid LULC change that pushed this ecologically
diversified region into threatening conditions. Till now, very few stud-
ies have taken place to assess the VWR in this region, but among them,
most of the works focus only on water quality based on chemical prop-
erties, but no work has been done on the development of VWRM. There-
fore, our prime objective is to develop a novel tool to correlate the VWR
with the degradation of biodiversity due to immense anthropogenic
stress and water properties. In our study, we also adopted six validation
measures, namely receiver operating characteristics area under the
curve (ROC-AUC), sensitivity, specificity, positive predictive values
(PPV), negative predictive values (NPV), and Taylor diagram to evalu-
ate the result of the developed prediction.
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Our present study has been organized in a sequential structure in
which we have tried to display our research outcomes; the first section
of this study notably describes the study area, including geographical,
hydro-geological, climatic, and ecological conditions of this Ramsar
site; the second section deals with the entire methodological framework
of this study with adopted models, sampling techniques, and datasets;
therefore, the third section is about the derived results and discussion
and in the last segment of our study consist with the complete descrip-
tion on the importance of research outcomes in conclusion section that
profoundly elaborate the future prospect of this study.

2. Materials and methods

2.1. Materials

2.1.1. Study area
Chilka Lake, the largest sub elliptical saltwater lake in India as well

as in Asia, gets recognition as a Ramsar site by Ramsar wetland laws on
the Ramsar convention in 1981; this lake is one of the largest tropical
lagoons on the east coast of India and falls under category I marine pro-
tected areas. The absolute location of this lake is under 19° 28′ to 19°
54′ north latitude and 85° 06′ to 85° 35′ East longitude; the northern
and western portion of this Ramsar site is surrounded by the Khordha
and Ganjam district of Odisha respectively, a specific part of southern
region fringed by Eastern Ghat range (Fig. 1). Basically, this inshore
brackish water lake is shallow in nature with an average depth of 2 m
situated with parallel to the coastline of the Bay of Bengal with a 65 km
length and width of 20.1 km (Panigrahi et al., 2007). The Chilka lake
experienced substantial changes in lake water depths in dry (0.3–0.8 m)
and rainy seasons (1.8–4.2 m) throughout the year, and bathymetric
survey in this site shows that the northern and southern portion of this
site is characterized by <1.5 m and 3.9 m depth respectively (Ghosh
and Pattnaik, 2005). Generally, this region is characterized by a tropi-
cal monsoonal climate with ranges from 14° to 39.9 °C temperatures
and 1238 mm average rainfall; thus, Mohanty et al. (1997) state that
this shallow water body experienced a very high evaporation rate. The
monsoon (July–September) and post-monsoon (October–November)
seasons contribute a significant amount of fresh water at the northern
end of this lagoon through several large rivers that help to reduce the
salinity level of this lake; The salinity gradient fluctuates because of a
large amount of fresh water supply from several rivers, poor tidal in-
flux, and weak circulation of lake water, the annual total amount of
freshwater supply is 1.76 cubic meters among them 0.87 cubic meters
come from direct precipitation on the lake and rest amount from the in-
land river system. Parallelly, the salinity level also increases due to the
intrusion of saline water from the ocean; with the seasonal change, the
area of this lake also changed i.e. where the area is 1165 km2 during
monsoon then it dried up in summer with 950 km2 area (Siddiqui,
1995). The total catchment area is 4406 km2, among them 68 % shared
by the western part and 32 % with the Mahanadi delta; in addition,
55 % of the freshwater contributed to three important distributaries
(Daya, Bahargavi, Nuna) of Mahanadi, whereas the rest of 45 % con-
tributed by western catchment (Sarkar et al., 2012). The floral and fau-
nal richness enlisted this highly productive Ramsar site as India's tenta-
tive world heritage site. The rich fishery resources help sustain the
livelihood of many fishermen in this lake area. But in the last few
decades, the environment as well as the water quality of the Chilka
Ramsar site have been changed and fallen under severe stress due to ab-
normality in salinity, siltation, emergency in biodiversity, eutrophica-
tion etc. (Patnaik, 1998) estimated the sediment load in Chilka lake
about 1.8 Million tonnes in 1998 that increase at 2.94 Million tonnes in
2001. The lack of management strategies pushes this Ramsar site into
the stage of higher ecological stress.

Geologically, the coastline of western shores, north-eastern regions
associated with the Pleistocene era, and the ephemeral characteristics

of Chilka lake make this distinctive from surrounding areas. Basically,
the entire catchment area of this Ramsar site is made up of rock, sand,
and mud substratum. Silt, clay, sand, and gravel, are the significant sed-
imentary particles in this area, but the major part of this region contains
silt; hydro-geologically, the aquifer is unconfined, interconnective,
deep, and multi-layered in nature, with a lower recharge rate of
5–10 m3/h (Mishra and Dwibedy, 2015). The lake regions consist of
several islands such as Parikud, Phulbari, Berahpura, Nuapara, Nal-
bana, and Tampara and they all are separated by shallow channels;
those channels work as well connectors with the Bay of Bengal. A signif-
icant amount of siltation is responsible for closing the mouth of the lake
with the sea by increasing the width of the barrier. It also helps in shift-
ing of the mouth of the lake frequently toward the northeast direction.

2.1.2. Sampling techniques
The larger database is the foremost requirement for any novel mod-

elling approach that helps in better performance and gives better pre-
diction result. The ecological characteristics, circulation nature of wa-
ter, and physiographic characteristics of our study area play a signifi-
cant role in controlling water quality. Considering all the geohydrologi-
cal factors, we collected 48 surface water samples from several loca-
tions along the shoreline of this lake during the dry season (Janu-
ary–February) of 2022. The sampling locations are selected by using a
stratified sampling method based on their shallower depth, and the
coastal position of sampling points can define the actual pollution level
in lake water because most of the mixing regimes of river water and
oceanic water are located in outline area of the Chilka lake Ramsar site.
The Garmin GPS was used to make a record of the location of every in-
dividual water sample, and a unique ID number was also used for every
water sample. In the collection of water samples, two different 500 ml
polyethylene bottles were used and preserved by taking desirable sam-
pling precautions and procedures to avoid any biotic activities as well
as the exchange of gaseous substances (Bera et al., 2021; Pavlidou et al.,
2014). Therefore, all the collected samples were speedily transported to
the laboratory, and all samples were tested and analyzed by the labora-
tory to examine their chemical characteristics. Two separate containers
were used to collect water samples, one for testing the chemical proper-
ties and another for cross-checking the result and validation. In this
study, the Dionex ICS-90 Ion Chromatography and water checker U-10
method have been employed in examining the basic hydro-chemical
properties of collected water samples. Several researchers (Islam et al.,
2021a; Khan et al., 2013) have applied these two water analyzing tech-
niques in their research work and found very significant results. After-
wards, all samples were examined in different laboratories to ensure the
accuracy level. In our study, we have found seventeen hydro-chemical
properties through laboratory testing namely, nitrate (NO3) (mg/l), Fe-
cal coliform (FC) (MPN/100 ml), mercury (Hg) (mg/l), fluoride (F−)
(mg/l), iron (Fe) (mg/l), biological oxygen demand (BOD) (mg/l), cad-
mium (Cd) (mg/l), pH, total coliform (TC) (MPN/100 ml), dissolve oxy-
gen (DO) (mg/l), sodium absorption ratio (SAR), electrical conductivity
(EC) (μS/cm), ammonia (NH3) (mg/l), solids (S) (total), boron (B) (mg/
l), lead (Pb) (mg/l), Turbidity (NTU); Table 1 displays the descriptive
statistics of statistical measures of all considered water vulnerability pa-
rameters, which significantly describe the actual water quality condi-
tion by comparing the existing physiochemical properties values with
national and international standards. In our study, the descriptive sta-
tistics (Table 1) show that several existing elements (NH3, B, DO, Tur-
bidity, EC, Pb, Fe) exceed their permissible values; such as NH3 and B
ranges from 0.57 to 1.11 (mg/L) and 0.06–1.74 (mg/L) whereas the
permissible limit (BIS, 2012) 0.5 (mg/L). Similarly, whereas, the per-
missible limit of DO, Turbidity, EC, Pb, and Fe are 5 (mg/L), 1 (NTU),
1500 (μS/cm), 0.01 (mg/L), 0.3 (mg/L) accordingly, the higher values
found of DO, Turbidity, EC, Pb, and Fe are 6.97 (mg/L), 4.21 (NTU),
14,950.1 (μS/cm), 0.09 (mg/L), 0.69 (mg/L) respectively which states
that they significantly crossed their permissible limit and make an ad-
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Fig. 1. Location map of study area.

verse effect on water condition. In this study, Fig. 2 shows the entire
methodological framework which is adopted in the completion of the
research work.

2.1.3. Inventory data
In the prediction of VWRM, inventory data making is a foremost

concern. Therefore, it is developed in every prediction study that helps
identify the possible vulnerable water resource zone by employing past
records of vulnerability by combing all causative factors. Field study
helps collect the past information regarding water resource vulnerabil-
ity of our study regions that play an important role in making an inven-
tory map of this region. From the collected 48 collected water datasets

by using the stratified random sampling method, 24 sample points were
selected for the water resource vulnerable regions, and conversely, 24
water samples regions were chosen as non-vulnerable regions by em-
ploying 1 and 0, respectively. Among collected 48 water samples, 34
(70 %) were considered for VWRM, and the rest 14 (30 %) were used
for validating the result by using Indian water quality standards (BIS,
2012); that means one section of data was used in making predictions
and developing the models and another section for testing the predicted
result Chung and Fabbri (2008). Therefore, after examining the chemi-
cal properties of water samples, the inverse distance weighted (IDW)
method (Bartier and Keller, 1996) has been used to develop the map of
17 causative factors to delineate the VWRM of the study area in the Ar-
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Table 1
Descriptive statistics of hydro-chemical parameters of water samples collected
from Chilka lake Ramsar site.
Factors Maximum Minimum Average Standard deviation

NH3 (mg/l) 1.05 0.57 0.76 0.11
BOD (mg/l) 2.28 1.36 1.79 0.23
B (mg/l) 1.74 0.068 0.25 0.28
Cd (mg/l) 0.0028 0.0008 0.0016 0.0004
DO (mg/l) 6.97 2.41 5.44 0.87
EC (μS/cm) 14,950.1 479.36 3046.12 2430.3
FC (MPN/100 ml) 2141.41 147.95 1089.77 573.19
F (mg/l) 0.31 0.07 0.16 0.06
Turbidity (NTU) 4.21 0.7 1.49 0.58
TC (MPN/100 ml) 1826.41 217.27 707.56 397.56
Solids 62.18 9.87 27.03 14.09
SAR 29.53 1.06 7.35 8.22
pH 8.23 6.98 7.64 0.3
NO3 (mg/l) 0.26 0.13 0.17 0.03
Hg (mg/l) 0.00065 0.00021 0.00045 0.00011
Pb (mg/l) 0.099 0.003 0.024 0.028
Fe (mg/l) 0.69 0.02 0.32 0.21

cGIS 10.4 platform. Hence, in the present research, two important ML
algorithms, namely, ANN and RF were employed to delineate the
VWRM with reliable validation techniques.

2.1.4. VWR conditioning factors
The water resource vulnerability is specifically influenced by ad-

verse hydro-chemical properties that can affect the entire aquatic
ecosystem and are sufficient to collapse the balance of biodiversity in a
region by crossing their permissible limit, specified by the Bureau of In-
dian Standards (BIS, 2012). Thus, VWRM emerges as a necessary tool to
delineate and quantify the most vulnerable zone in our study area.
Therefore, in our study, we have considered seventeen water resource
vulnerable conditioning factors including NO3 (mg/l), FC (MPN/
100 ml), Hg (mg/l), F− (mg/l), Fe (mg/l), BOD (mg/l), Cd (mg/l), pH,
TC (MPN/100 ml), DO (mg/l), SAR, EC (μS/cm), NH3 (mg/l), S (total),
B (mg/l), Pb (mg/l), Turbidity (NTU) to make VWRM and LULC change
map of two time period (2005, 2022) to assess Spatio-temporal change
and the anthropogenic stress on Chilka Ramsar site considering exten-
sive literatures (Jaydhar et al., 2022; Pal et al., 2022b, 2022c; Ruidas et

al., 2022b). The identification and quantification were taken place
through water testing in the laboratory, and the IDW interpolation
method was applied to make the spatial distribution map of each para-
meter (Fig. 3); this method is very helpful in delineating the proper dis-
tributional pattern of each conditioning factors (Ruidas and Pal, 2022;
Saha et al., 2021b). The map shows, that Chilka lake has a diverse dis-
tribution pattern of all identified factors i.e. the significant portion of
the central and western region near Sabulia and Rambha are character-
ized by high NH3 and ranging from 0.57 to 1.11 (mg/l); about
1.33–2.29 (mg/l) BOD level is present in this region and northwestern
(Balugaon, Barkul) and western part (Malakuda, Kumarpur) character-
ized with high BOD level. The east-central region of this lake dominated
by B and EC ranged by 0.06–1.99 (mg/l) and 315.54–17,128.1 (μS/cm),
respectively. In addition, high Cd concentration is found in the eastern
part near Subhadrapur, Jaganathpur, and Gagadala; DO is distributed
more or less in a similar pattern throughout the entire lake. FC has a di-
verse distributional pattern, and the west-central part is characterized
by high concentration, which is quite similar to F−.

In contrast, the noteworthy portion of the study area was dominated
by high Fe ranging from 0.007 to 0.70 (mg/l). In addition, Pb, Hg, SAR,
solids, and TC have varied distribution, and the central portion is delin-
eated as a high NO3, pH and Turbidity region (Fig. 3). Generally, the ge-
ographical distribution pattern of VWR conditioning factors helps to
understand the influence of water resource vulnerability concerning the
degradation of biodiversity.

2.2. Methods

2.2.1. Multi-collinearity test
Multicollinearity (MC) shows the presence of interdependence of

two or more independent factors (Saha et al., 2021c; Talukdar et al.,
2021), and high linearity has a significant role in reducing of accuracy
and precision level of derived results (Ruidas et al., 2022a) which also
resulting various regression problems in a modelling approach. The MC
test helps identify those factors with significant linear dependency
(Saha et al., 2021a). Generally, to survey MC analysis, three popularly
used methods such as variance inflation factor (VIF) (Pal et al., 2022b;
Saha et al., 2022b), tolerance (TOL), and Pearson's correlation coeffi-
cients (r2 = < −

+0.7) are used. TOL is the ratio between the relative
scatter and the scatter of that variable. Several scholars (Chowdhuri et

Fig. 2. Methodological framework of the current study.
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Fig. 3. VWRM conditioning factors.

al., 2021; Pal et al., 2022c; Saha et al., 2022a; Talukdar et al., 2020) es-
tablished that the presence of factors with VIF value >5 and TOL value
<0.10 have significant multicollinearity issues. The acceptable result
should be determined by <5 and >0.10 values of VIF and TOL, respec-
tively. The following equations are used in determining MC:

(1)
(2)

“Here r2 represents the coefficient of regression”

2.2.2. VWRM modelling approach
Currently, VWR is a significant issue; but timely information about

water quality and proper policy can improve this vulnerable condition.
Several physicochemical characteristics of collected water samples help
to develop the VWRM of this region. In our present study, we have
adopted two frequently used predictive ML techniques: ANN and RF al-
gorithms. These two techniques were performed in R programming
software with the help of ArcGIS 10.4 software.

2.2.3. Artificial neural network (ANN)
ANN is a popular computing system quite similar to a biological

neural network containing parallel nonlinear units comprising many in-
terconnected processing elements (Sengorur et al., 2015). According to
(Palani et al., 2008b), this began with backpropagation training algo-
rithms (Rumelhart et al., 1986) that are based on the artificial neuron
concept (McCulloch and Pitts, 1943). This nonlinear statistical tech-
nique solves impossible problems using conventional mathematical and
statistical methods. ANN's underlying data generating process helps to a
wide application in prediction, classification, forecasting, data process-
ing, and many other purposes (Wu et al., 2014). In the last few years,
the use of ANN modelling is increased significantly in the field of hydro-
logical studies due to its significant accuracy and precision level (ASCE,
2000). (Dogan et al., 2009) also shows how the trained particular set of
inputs produces a possible and specific set of target outputs; ANN algo-
rithm is characterized by three important characteristics such as nodes,
connection strength, and transfer function, which commonly follow
three important stages including data collection, processing the data
and training of the neural network. Usually, a large amount of historical
data is needed to perform ANN algorithms and to get a satisfactory re-
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sult. The schematic diagram of ANN is presented in Fig. 4. The details
about the ANN algorithm can found in the link provided in Supplemen-
tary material. The ANN algorithm can be elaborated by the following
equations (Hagan et al., 1997).

(3)

The net input of jth neuron of layer l and I iteration

(4)

(5)
(6)
(7)

δ factor for neuron jth in the output layer ith

(8)

δ factor for neuron jth in the hidden layer ith

(9)

“where α represents the momentum rate and n is the learning rate”.

2.2.4. Random forest (RF)
RF machine learning algorithms are the expression of the arrange-

ment of tree predictors that was introduced by Breiman (2001). Basi-
cally, this algorithm separated two types of trees, namely regression
and classification trees from the decision trees (Rodriguez-Galiano et
al., 2014); that's why this artificial ML algorithm has been employed in
unsupervised learning and in regression classification (Liaw and
Wiener, 2002). This is also an advanced version of the bagging and en-
semble data mining algorithm (Rahman et al., 2019). (Belgiu and
Drăguţ, 2016) state that this RF classifier is significantly based on two
parameters as the number of variables and decision trees. According to
(Chakrabortty et al., 2021; Islam et al., 2021b; Ok et al., 2012; Pal et al.,
2022a), this flexible ML algorithm helps in constructing a set of classi-

fiers instead of one classifier to develop similar predictions from similar
circumstances by producing new training site through selecting sample
site. In the case of regression trees, there has a substantial outfitting
problem in the training dataset and therefore, RF have the ability to
overcome these shortcomings (Criminisi and Shotton, 2013) and also
another such precise method in reducing variance instead of increasing
bias (Hastie et al., 2001); it is also a significant method in examining
the hierarchical interactions and non-linearities in the large data frame
(Olden et al., 2008). The following equations represent the RF model.

(10)

“where, M is the input number of an algorithm, and generalization
i.e., the mean square error is represented by”:

(11)

“where, vobserved is the variable from observed data and vresponse is the
variable from the output result in this model. Lastly, RF algorithm can
be expressed by”:

(12)

“where S represents the future prediction result and K is the individ-
ual trees”.

2.2.5. Variable importance
Several suitable water resource vulnerable causative factors were

used to develop VWRM, but all parameters do not have equal responsi-
bility in water resource vulnerability in a region. Thus, it is compulsory
to quantify the relative importance of each adopted causative factor to
make a reliable assessment of water resource vulnerability. In our
study, we have employed an RF machine learning algorithm to quantify
the relative importance of each conditioning factor. Conventional sta-
tistical and mathematical techniques are not proficient in handling
large datasets. Thus, in this research, we have applied the mean de-
crease accuracy (MDA) index by using RF (Breiman, 2001) and ANN
machine learning algorithm to assess the relative significance of
adopted factors. The following equation represents the MDA method.

Fig. 4. Schematic diagram of ANN model.
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(13)

“where, VI represents variables importance, Etj indicates OOB error
on tree t before permuting the values of Xj and EPtj indicates OOB error
on tree t after permuting the values of Xj”.

2.2.6. Model validation
Model validation is an integral part of research work that can help to

quantify the accuracy level and increase the reliability of produced re-
sults; it can relate the result to the real world. The derived results have
no significance if it is not gone through the model evaluation stage.
Therefore, in our present study, the two adopted models (ANN, RF)
were evaluated by six validation techniques among them, five are sta-
tistical techniques such as sensitivity, specificity, PPV, NPV, receiver
operating characteristics curve- area under the curve (ROC-AUC) and
one graphical presentation namely Taylor diagram (Taylor, 2001). Ac-
cording to (Chen et al., 2019), in the AUC-ROC technique AUC value
varies from 0.5 to 1, and the closer value toward the 1 and 0.5 values
implies the higher and lower reliability of the model, respectively. It
represents two axes, the x-axis (sensitivity) and y-axis (specificity) and
shows its success value. The quality of output results is also quantified
by measuring the four indices as true positive (TP), true negative (TN),
false positive (FP), and false-negative (FN), which are all used to per-
form two important validation techniques sensitivity and specificity
(Westerhuis et al., 2008). Khosravi et al. (2019) state that the higher
values of the aforementioned validation techniques imply the healthier
result of the adopted modelling approach and vice versa. The aforemen-
tioned techniques were performed in this study by using the following
formulas:

(14)

(15)

(16)

(17)

(18)

“Here, specificity and sensitivity are denoted by Xk and Sk respec-
tively”.

3. Results

3.1. Multicollinearity test

In our present study, before performing any modelling approach,
the MC test was carried out by three aforementioned statistical tech-
niques to quantify the interdependence of each factor (Table 2). Seven-
teen VWR causative factors were considered after the MC evaluation
stage. The result shows that the lowest TOL value and highest VIF val-
ues are 0.212 and 4.72, respectively and that all the TOL and VIF values
are under the acceptable limits. Thus, it implies no collinearity issues
among all 17 VWR conditioning factors. Another adopted statistical
technique, Pearson's correlation matrix, shows that several causative
factors are slightly correlated (Table 3). The result shows that the r2

value of EC and Boron, FC and F−, Boron and Turbidity, Solids and SAR,
Solids and pH, Solids and Pb, SAR and Pb were 0.804, 0.906, 0.817,
0.911, 0.925, 0.916, 0.992 respectively but rest of the values are in the
considerable limit.

Table 2
Result of multicollinearity test.
SL no. Factor Collinearity statistics

Tolerance VIF

1 BOD (mg/L) 0.282 3.551
2 Cd (mg/L) 0.212 4.720
3 DO (mg/L) 0.389 2.568
4 EC (μS/cm) 0.879 1.138
5 TC (MPN/100 ml) 0.634 1.577
6 S (Total) 0.239 4.177
7 Fe (mg/L) 0.277 3.610
8 NH3 (mg/L) 0.245 4.082
9 B (mg/L) 0.286 3.497

10 FC (MPN/100 ml) 0.257 3.891
11 F (mg/L) 0.433 2.309
12 T (NTU) 0.542 1.845
13 SAR 0.344 2.907
14 pH 0.374 2.674
15 NO3 (mg/L) 0.486 2.058
16 Hg (mg/L) 0.452 2.212
17 Pb (mg/L) 0.274 3.650

3.2. Vulnerability of water resource map prediction

The available and aforesaid data established that the water quality
of the Chilka lake Ramsar site is under significantly vulnerable condi-
tions and makes this an ecologically vulnerable place. Therefore, the
water resource vulnerability measurement becomes a foremost con-
cern. Thus, VWRM is an essential tool for evaluating available Chilka
lake water quality and vulnerability. In our present study, VWRM was
developed using two distinctive ML algorithms, ANN and RF, because
proper modelling plays a significant role in quantifying and identifying
vulnerable water resource regions. So, the VWRM is predicted at the
Chilka lake Ramsar site of Odisha by combining 17 causative factors.
The entire Ramsar site is characterized by the diverse distribution pat-
tern of all conditioning factors in the monitoring year of 2022 which is
mentioned in Fig. 3. The predicted VWRM was developed by ANN and
RF, which classified the entire Ramsar site into five VWR zone based on
their magnitude of vulnerability: very low, low, moderate, high, and
very high, vulnerable zone. Both the predictions display similar approx-
imate results (Fig. 5), in which the western part of this Ramsar site is
characterized by a very low water resource vulnerability zone, sur-
rounded by Arakhakuda, Malakuda, Prayagi, Laxmanpur, Rambha,
Sabulia, Samanasi, Barkul region. The Eastern part, surrounded by
Karatiasahi, Sitarampur, Jaganathpur, Barikanupada, Basanapur, Chan-
dumal, and Gopinathpur regions, falls under a high to a very high vul-
nerable zone. The five classes have different areal extensions in each
model; if the total Ramsar site is considered as 100 %, then the pro-
duced result of the ANN model (Fig. 5a) shows the diverse class-wise
spatial distribution that accounts for 120.22 km2 (10.32 %),
297.30 km2 (25.52 %), 400.99 km2 (34.42 %), 261.07 km2 (22.41 %)
and 83.76 km2 (7.19 %) area are under very low, low, moderate, high
and very high category accordingly; In RF (Fig. 5b) 240.57 km2

(20.65 %), 342.27 km2 (29.38 %), 423.01 km2 (36.31 %), 98.20 km2

(8.43 %) and 60.69 km2 (5.21 %) area under very low, low, moderate,
high and very high category respectively. Both results show that the
maximum area of the Chilka Ramsar site is under a moderately vulnera-
ble zone which covers mainly the central and east-central parts of this
study area.

3.3. Assessment of anthropogenic stress on Chilka Ramsar site
(2005–2022)

In the present decade, the RS-GIS technology has emerged as a sig-
nificant tool that remarkably imparts a chance to evaluate and interpret
surface water quality. Several researchers (Hossain et al., 2014; Milano
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Table 3
Pearson's correlation coefficient between pairs of VWRM conditioning factors.

et al., 2015; Morrice et al., 2008; Wang et al., 2007) established that
how anthropogenic stress makes spatiotemporal changes in surface wa-
ter quality and also enhances the understanding of the positive relation-
ship between both of them. In our present study, we have employed an
environmental system research institute (ESRI) LULC map (2005 and
2022) of the study area to quantify vegetation, agricultural land, build-

up area, and water body in the different periods; the spatiotemporal
changes of these all parameters help to identify the anthropogenic
stress on Chilka lake Ramsar region. According to Anderson (1976),
LULC changes in a geographical region can both reduce and increase
the environmental crisis. The saltwater ecosystem of the Chilka lake
Ramsar site, including surface water, experienced a significant land al-
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Fig. 5. VWR map of Chilka lake Ramsar site (a) RF method and (b) ANN method.

teration in the surrounding catchment area at an alarming rate which
pushed this region into a threatening situation (Mishra, 2017; Panigrahi
et al., 2007) and made the study area more vulnerable to water re-
source and ecological imbalance. The 2005 (Fig. 5a) and 2022 (Fig. 5b)
ESRI LULC map show that the amount of agricultural land, settlement,
vegetation cover, and build-up area significantly increased in the two
time period that implying these changes brings remarkable conse-
quences to the water quality of Chilka lake and make more vulnerable
to water resource; which is shown in Fig. 6a and b.

3.4. Model performance evaluation

After applying all adopted modelling approaches by the establish-
ment of training and testing dataset, the important procedure is to eval-
uate the model's performance in training and validating the dataset.
This is necessary to ensure the closeness of predicted results and real-
world situations. In our present study, several statistical techniques
were used to validate the derived result, including specificity, sensitiv-
ity, PPV, NPV, Taylor diagram, and AUC-ROC. All the validation tech-
niques show that both models play a significant role in analyzing, quan-
tifying, and determining the VWR zone with an adequate accuracy level
in this study area. Despite that, the model evaluation is mandatory due
to its different data sources, which were remotely sensed and had some
possibility of error. Fig. 7 represent the AUC-ROC analysis of the afore-
mentioned two ML models, and it is clearly showing that both models
have significant accuracy level in training (Fig. 6a) and validating stage
(Fig. 6b); but based on the results, the ANN model has a high AUC value
(training = 0.93, validating = 0.89) compare to RF modelling ap-
proach (training = 0.9, validating = 0.87) that implies ANN is the
most suitable modelling approach than RF. Besides, the result of all
other statistical techniques also shown in Table 4 which have remark-
able performance values regarding both two adopted models; in RF,
sensitivity (training = 0.86, validating = 0.85), specificity (train-
ing = 0.8, validating = 0.74), PPV (training = 0.82, validat-
ing = 0.78), NPV (training = 0.81, validating = 0.84) and in ANN,
sensitivity (training = 0.92, validating = 0.90), specificity (train-
ing = 0.81, validating = 0.78), PPV (training = 0.85, validat-
ing = 0.78), NPV (training = 0.91, validating = 0.88). Apart from
these, one important graphical validation technique, Taylor diagram
(Fig. 8) shows RF (r = 0.92) and ANN (r = 0.94) gave significant per-
formance. This clearly shows that ANN is the more reliable and prefer-
able ML algorithm to develop the VWRM in this Chilka lake Ramsar
site.

3.5. Variable importance of adopted factors

Two important ML algorithms (RF and ANN) were employed in this
research work to assess and quantify the contribution in VWR of the
aforesaid seventeen conditioning factors. Based on the results, these
show the hierarchical position of each factor which has a significant
role in making of VWRM of this region as is shown in Table 5 and Fig. 9.
According to both results, the most (NO3, FC, Hg, F−, Fe) and least
(NH3, S, B, Pb, T) contributing factors among the adopted 17 factors in
water resource vulnerability are the same; only have slight variability
in their position. In RF method, the hierarchical order of adopted factor
is
NO3>FC>Hg>F−>Fe>BOD>Cd>pH>TC>DO>SAR>EC>NH3>S>B>
whereas the highest influence of NO3 (12.69), FC (11.08), Hg (10.47)
and least influence of B (4.32), Pb (4.23), T (4.19). In ANN method the
order is Hg > FC > NO3 > Fe > F-
> BOD > pH > DO > Cd > EC > S > SAR > NH3 > TC > T > B > Pb;
whereas the most Hg (12.34), FC (12.32), NO3 (11.54) and less T
(5.47), B (5.214), Pb (5.213) respectively. Thus, it is established that
aforementioned all the causative factors have a higher to lower influ-
ence on VWR; therefore, all 17 factors were adopted to predict the
VWRM of the Chilka lake Ramsar site.

4. Discussion

The essence of pollution-free lake water is the prominent require-
ment at the Chilka lake Ramsar site; therefore, our present work dis-
closed how the entire lake area was facing significant water resource
deterioration due to inauspicious hydro-chemical properties of surface
water as well as immense anthropogenic pressure on the lake by no-
table LULC change. However, it was crucial to develop an appropriate
tool to assess the VWR and VWRM to identify the potentially vulnerable
water resource zone. Forecasting VWRM is an essential and challenging
task in water resource management studies. Globally, several re-
searchers have done their work on the deteriorating nature of surface
water and its impact on the entire aquatic ecosystem and also estab-
lished how the VWR can be a threat to existing biodiversity (Bhateria
and Jain, 2016b; De'ath and Fabricius, 2010; Njue et al., 2016) due to
existence of Pb, Hg, Fe, F−, Fe, etc. type of chronic poisoning heavy met-
als that brings several harmful effects on aquatic lives. Noori et al.
(2021a, 2021b) also asses the complex dynamicity of water quality in
the Sabalan reservoir by considering several hydro-chemical properties;
it shows how nutrient enrichment helps in deteriorating the water qual-
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Fig. 6. (a) LULC map of study area (2005)
(b) LULC map of study area (2022).

ity significantly. Thus, the prediction of VWRM of the Chilka lake Ram-
sar site is a prime concern for proper water resource management with
different hydro-chemical properties. At the same time, the adopted
methodological approach substantially influences the reliability, accu-
racy, and precision level of derived results.

According to Ruidas et al. (2022b), in the present decade, some
newly emerged ML algorithms such as bagging, ANN, RF, SVM, and lo-
gistic regression have derived significant results in place of the conven-
tional methods. By taking into consideration the necessity of VWRM,
we have employed two unique ML algorithms, namely ANN and RF, to
assess the VWR. Earlier researchers, these two prominent ML algo-
rithms have been used in their research work, and they have got more
consistent results which meaningfully connected to reality (Ali et al.,
2020; Campolo et al., 2003; Feng and Lu, 2010; Golkarian et al., 2018;
Noori et al., 2011; Paschalidou et al., 2011); but in assessing of VWR,
the application of these models are significantly less. These two
adopted modelling approaches have the measurable capability and
more consistency in prediction studies. In our research, the AUC-ROC
technique has been used to evaluate the predicted result, where the
ROC values of ANN are 0.93 (training) and 0.89 (validating), followed

by RF. But in the case of large areal prediction, only one validating
technique AUC-ROC is insufficient to ensure the derived result's relia-
bility (Aguirre-Gutiérrez et al., 2013). Therefore, we have applied five
other quantitative evaluating techniques, which also gave nearly the
same result as AUC-ROC. Besides, the selection of VWR conditioning
factors was the prime attention which significantly influenced water re-
source vulnerability. Hence, different researchers have used several
methods in the identification of conditioning factors, namely VIF-TOL,
regression technique, RF, and Pearson's correlation in their research
(Ghosh and Maiti, 2021; Tehrany et al., 2019); but there is numerous
conflict regarding factors identification procedure, although some tech-
niques got universal acceptance in factor selection. This research em-
ployed VIF-TOL and Pearson's correlation techniques to identify the
collinearity issues. In the same condition, RF and ANN, as used as vari-
able importance techniques that showed NO3, FC, and Hg are the most
and B, Pb, and T are the least influential factors in VWRM. Specifically,
our present studies show that the eastern part of this Ramsar site espe-
cially surrounded by Gagadala, Dharanikudi, Badabenakudi, Jaganath-
pur, and Subhadrapur is significantly characterized by very high-water
resource vulnerability, whereas the western part has low VWR.
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Fig. 7. AUC-ROC of (a) training and (b) validation of adopted models.

Table 4
Result of evaluation indices.
Models Stage Parameters

Sensitivity Specificity PPV NPV AUC

RF Train 0.86 0.8 0.82 0.81 0.9
Validation 0.85 0.74 0.78 0.84 0.87

ANN Train 0.92 0.81 0.85 0.91 0.93
Validation 0.9 0.78 0.78 0.88 0.89

Although similar to all other studies, our study also has some limita-
tions which can't be avoided for future studies, i.e. firstly, we have ig-
nored the climatic condition, soil properties, and underline rock struc-
ture of this lake region in making VWRM; secondly, surface water sup-

ply to the lake can be a significant perspective for water resource vul-
nerability which is overlooked here; thirdly, the water samples are col-
lected only from the surrounding areas of this lake and not able to take
the water samples from the central part due to vastness of this lake. In
the future, several significant modelling approaches will emerge for hy-
drological research in this region. Furthermore, the accuracy and pre-
cession level of the employed modelling approach has unique imprints;
thus, this may be suggested in delineating the VWRM of another similar
lake region for water resource studies.

The quantification, as well as the demarcation of water resource vul-
nerable regions, is quite important economically in the present context
to protect the environment; therefore, Whittington et al. (1996) state
the significant relationship between the improvement of surface water
quality and the economy of a country. In earlier times, the message of

Fig. 8. Taylor diagram for adopted model validation.
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Table 5
Relative importance adopted factors.
SL no. Factor Relative importance

RF ANN

1 BOD (mg/L) 8.210 9.010
2 Cd (mg/L) 8.110 7.890
3 DO (mg/L) 7.020 8.360
4 EC (μS/cm) 6.320 7.120
5 TC (MPN/100 ml) 7.110 5.630
6 S (total) 5.020 7.120
7 Fe (mg/L) 10.210 9.610
8 NH3 (mg/L) 5.360 6.320
9 B (mg/L) 4.320 5.214

10 FC (MPN/100 ml) 11.080 12.320
11 F (mg/L) 10.300 9.580
12 T (NTU) 4.190 5.470
13 SAR 6.340 7.120
14 pH 7.990 8.970
15 NO3 (mg/L) 12.690 11.542
16 Hg (mg/L) 10.470 12.340
17 Pb (mg/L) 4.230 5.213

any developing country was not to take any significant effort in improv-
ing the environmental condition until those countries become economi-
cally sovereign, but the World Bank (1992) report said: “environmental
quality should not be sacrificed for the economic growth”. Thus, only
sustainable environmental conditions can give us economically stable
future well-being (Solow, 1993). So, the early prediction of our re-
search work can reduce future disastrous impacts on society by elimi-
nating probable causes. Henceforth, our study will encourage others to
make VWRM by employing ANN and RF ML algorithms for more reli-
able results. All the validating techniques ensure that our predicted re-
sult is accurate and meaningful to reality which will be a very helpful
tool to the policymakers and strategist to conserve the water resource of

Chilka lake Ramsar site properly and helps to escape from vulnerability
situation.

5. Conclusion

Lake water's water resource vulnerability can occur due to several
reasons, including anthropogenic pressure, polluted water supply, and
significant hydro-chemical properties. Therefore, VWRM is a beneficial
tool in taking proper management strategies for controlling the VWR
condition in a region. In our studies, we employed the most popular and
reliable ML algorithms, such as ANN and RF, to build up the VWRM of
the Chilka lake Ramsar site in Odisha. Here, 48 water samples were col-
lected for spatial analysis of water resource vulnerability classified into
five categories to specify the intensity of vulnerability; in addition, the
LULC map of 2005 and 2022 was also prepared to show the anthro-
pogenic pressure on this lake. Thus, the following outcomes are derived
from our study:

• According to the all employed five validating techniques in
training (ROC-AUC - 0.93, Sensitivity - 0.92, Specificity - 0.81, PPV
- 0.85, NPV - 0.91) and validating phase (ROC-AUC - 0.89,
Sensitivity - 0.90, Specificity - 0.78, PPV - 0.78, NPV - 0.88) with
the Taylor diagram (r = 0.94), ANN emerge as a prominent and
noteworthy learning algorithm for VWRM in this region and is also
applicable to other regions in similar geo-hydrological conditions
worldwide.

• NO3, FC, and Hg are the most dominating factor in this region for
water resource vulnerability.

• The VWRM of this lake region reveals that the eastern part is a
remarkably high to very high vulnerable zone compared to the
western part and covered an area of 261.07 km2 (22.41 %) and
83.76 km2 (7.19 %), respectively.

• In the last few years, this region experienced several disastrous
effects on the aquatic ecosystem and biodiversity due to the

Fig. 9. quantification of Relative importance of conditioning factors.
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deteriorating nature of surface water and increasing anthropogenic
stress.

Therefore, the use of proper VWRM is an important tool to mitigate
the degradation problem by identifying vulnerable regions. Our pro-
duced result can be used as a critical tool by the decision-makers and
policymakers of government in reducing the deteriorating nature of wa-
ter quality and also helps in the restoration of aquatic ecosystems and
biodiversity.
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