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Sea level rise (SLR) is one of the prime consequences of global warming as pointed out by the
Intergovernmental Panel on Climate Change (IPCC). SLR adversely aAects coastal regions; triggers
coastal erosion, inundation, and aAects the freshwater–seawater interface as well. This paper presents the
results of a study in which a coastal aquifer under changing climate was simulated using a threedimensional groundwater model. The study area covers a part of the coastal aquifer in Ernakulam district
in the State of Kerala, India. Support Vector Machine (SVM) was used for projection of future sea levels
under the representative concentration pathways (RCPs) 4.5 and 8.5, based on the projections of Phase 5
of the Coupled Model Intercomparison Project (CMIP5). Both thermosteric and halosteric components
were taken into account in the projection of sea level. It was observed that sea level changes are significantly inCuenced by the halosteric eAect. Results indicate that SLR in the year 2050 with respect to the
levels in 2014 will be about 8.64 cm and 12.96 cm under RCPs 4.5 and 8.5, respectively. The repercussions
of this rise in sea level on seawater intrusion into the coastal aquifer were evaluated by performing
simulations with SEAWAT. Results of the study indicate that the eAect of this SLR on seawater intrusion
is negligible.
Keywords. Climate change; sea level rise; SEAWAT; seawater intrusion; statistical downscaling;
support vector machine.

1. Introduction
It is now widely acknowledged that the burning of
fossil fuels is one of the prime causes of the global
warming phenomenon and consequent climate
change (IPCC 2014). Increase in atmospheric
temperature will have serious repercussions on
both land and oceans. Global warming would cause
rise in sea level (IPCC 2014), which in turn could
impact seawater intrusion into coastal aquifers
(Werner and Simmons 2009; Mazi et al. 2013).
Continuous ascent of global temperature has been
already reported by Intergovernmental Panel on
Climate Change (IPCC). Relative to 1986–2005,

the global mean surface temperature is expected to
go beyond 1.5°C by the end of the 21st century
(IPCC 2014). Already, all over the world, coastal
aquifers are under tremendous pressure, seriously
impairing its sustenance, both in terms of quantity
and quality of groundwater. Seawater intrusion in
coastal aquifers and consequent problems have
been reported from various parts of the world
(Baena-Ruiz et al. 2018). Landward movement of
seawater will result in the deterioration of
freshwater quality in these aquifers. As coastal
areas, in general, are very densely populated and
people living in these areas are heavily dependent on groundwater to meet their freshwater
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requirements, it is imperative to understand how
projections of sea level rise (SLR) in the future, if
true, could impact coastal aquifers and consequently freshwater availability in these areas. Such
studies would help to plan and design appropriate
strategies for the sustainable development and
utilization of these aquifers and remediation
schemes to tackle impairment of water quality.
Sea level rise, if it occurs, can be one of the
utmost deleterious aftermath of climate change.
Rise in sea level may trigger seawater invasion,
deterioration of coastline environments, and
coastal Cooding (Chang et al. 2014; Vitousek et al.
2017). IPCC has identiBed SLR as one of the
main consequences of the global warming phenomenon. In the Bfth assessment report (AR5) of
the IPCC, it was reported that the global mean
sea level (GMSL) was rising at a rate of 1.7 mm/
year during 1901 to 2010. Carbon dioxide (CO2)
plays a crucial role in controlling the average
temperature of the earth. Whenever there is an
increase in CO2 emissions, there is also a parallel
change in the GMSL termed as global mean sea
level rise (GMSLR) (Maddah 2016). Further,
some studies have revealed that wind has some
eAect on sea level variations (Sturges and Douglas
2011; Li et al. 2016). Few studies have been
reported in which sea level trends in the Indian
Ocean were addressed (Unnikrishnan et al.
2006, 2015; Li and Han 2015). Earlier studies
used tidal gauge records for the estimation of
trends; but recent studies have employed satellite
altimeter observations. A major drawback in tidal
gauge records is that the vertical movements
induced by local tectonic activity and glacial
isostatic adjustment (GIA) are not known (Unnikrishnan 2007). According to satellite altimetry,
the GMSL has been rising at a rate of *3 ± 0.4
mm/year since 1993 (Nerem et al. 2018).
Unnikrishnan et al. (2015) reported that the SLR
trend in the North Indian Ocean is about 1.3
mm/year except at Diamond harbour, Kolkata.
Also based on altimeter observations, these
authors observed an average trend of 3.28 mm/
year during 1993–2012 in the Indian Ocean.
Numerous studies have been performed on the
repercussions of SLR on seawater intrusion. Mazi
et al. (2013) investigated the inCuence of climatechange driven SLR on seawater intrusion in an
unconBned coastal aquifer using sea level projections from the IPCC report. The authors concluded that there are some thresholds beyond
which the change in saltwater invasion in
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response to small SLR could quickly lead to
complete invasion of saltwater into the aquifer,
and these thresholds are highly reliant on aquifer
characteristics as well as on groundwater state in
conjuction with homogeneous ocean conditions.
Ketabchi et al. (2014) developed an analytical
model under steady state condition based on
sharp interface approach to examine seawater
intrusion and land surface inundation in response
to SLR on a circular island aquifer. The authors
have arbitrarily adopted SLR values. Oude
Essink et al. (2010) developed a numerical model
to analyze the inCuence of SLR, land subsidence
and recharge variations on groundwater quality
along the coastal zone of the Netherlands. In this
study also, the authors adopted arbitrary values
for future rise in sea level.
A variety of numerical models are available for
solving seawater intrusion problems; SEAWAT is
one such software which is an integration of
MODFLOW and MT3DMS (Langevin et al.
2003). Lin et al. (2009) employed SEAWAT to
determine the extent of seawater invasion in the
Alabama Gulf coast aquifer, USA. Motz and
Sedighi (2012) attempted to study saltwater
intrusion as well as recirculation of seawater at
coastline boundaries with the aid of SEAWAT.
Gopinath et al. (2016) employed SEAWAT to
examine the inCuence of pumping on invasion of
saltwater in the Nagapattinam coastal zone of
Tamilnadu, India. From the literature survey, it
was observed that, in most of the studies on the
impact of SLR on groundwater regime, the values
of SLR were chosen arbitrarily or taken from
IPCC reports. Further, studies on statistical
downscaling of SLR using climatic variables are
limited. As well as, the application of support
vector machine (SVM) to downscale sea level has
not yet been reported. These gaps in the research
area are addressed by the present study. The
principal goal of this work is to investigate the
impact of projected SLR in the future (up to
2050) under representative concentration pathways (RCPs) 4.5 and 8.5 on seawater intrusion in
the coastal aquifer of Ernakulam district in the
State of Kerala, India. Projections of sea level in
the future under RCPs 4.5 and 8.5 were determined employing SVM, using data from phase 5
of the Coupled Model Intercomparison Project
(CMIP5). This paper integrates machine learning
to predict SLR and uses it as an input to the
variable density model, which is a quite novel
methodology.
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2. Materials
2.1 Study area
The study area is part of coastal stretch in the
Ernakulam district of Kerala, India. Ernakulam
district is in the central part of Kerala State and is
bounded by Trichur district on the north, Idukki
district on the east and southeast, Kottayam and
Alappuzha districts on the south and the Arabian
Sea on the west (CGWB 2013). This district is the
core of industries, business and tourism in Kerala.
Also this district is renowned for its harbour
metropolis (Kochi). The study area lies along the
west coast of India between latitudes 9°460 –9°580 N
and longitudes 76°100 –76°200 E, extending from
Chellanam to Vypin (Bgure 1). Major harbour
allied commercial establishments are located in
Vypin (CGWB 2013). Based on the Bndings of
a Beld survey, during the period 2003–2007,
groundwater in the Chellanam region was reported
to be severely aAected by seawater intrusion,
forcing ice factories and prawn cultivation to close

down in this region. To mitigate the problem, the
pumping rate has been considerably reduced since
2008. It is essential to understand, whether SLR
driven by climate change will have any inCuence on
groundwater quality in the coastal aquifers of this
study area.
Based on physiography, this district is demarcated into three distinct zones, viz., the coastal
plains, the midland area and the hilly region. The
area covered by coastal plains is about 1726 km2
parallel to the coast, its width generally ranging
from 10 to 15 km. Elevation along the coastline is
normally \8 m above mean sea level. Details pertaining to the lithology of Ernakulam district are
presented in table 1. Litholog for Bve locations in
the study area were procured from the Kerala State
Groundwater Board and Central Groundwater
Board, Thiruvananthapuram. Based on the lithology, the depth of unconBned aquifer vary from 10
to 26 m. The coastal alluvium comprises of clay,
silt, and sand. Hydraulic conductivity of the aquifer varies from 0.5 to 68 m/day (CGWB 2014).

Figure 1. Study area.
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Table 1. Lithology of Ernakulam district.
Age

Lithology

Recent (unconsolidated)
Sub-recent (residual formation)
Tertiary (semi-consolidated formations)

Alluvium – sand, clay and silt
Laterite
Quilon beds – limestone and clay
Vaikom beds – coarse sand and gravel
with lignite and clay

Source: Central Groundwater Board, Thiruvananthapuram.

Table 2. Location of pumping wells.
Well
no.
1
2
3
4
5

Location

Latitude

Longitude

Well diameter
(m)

Total depth
(m)

Chellanam
Kumbalangi
Edakochi
Ernakulam South
Cherai

9°500 5400
9°520 5100
9°530 4500
9°570 4200
9°570 1900

76°160 1100
76°170 1200
76°170 4500
76°170 1800
76°140 4500

3.14
2.45
2.10
2.04
1.29

1.87
3.45
3.6
3.15
2.27

Source: Central Groundwater Board, Thiruvananthapuram.

Based on rainfall data for the period 1901–1999,
the district receives on an average 3359.2 mm of
rainfall annually. Maximum rainfall is received in
the month of June or July and minimum is received
in January or February (CGWB 2013).

Projections of future sea level were done using the
output of CMIP5 (up to 2050).

2.2 Data

The overall methodology employed in this study
consists of four distinct phases, viz., development of
statistical downscaling model for sea level using
climate data, projection of future sea level, calibration and validation of seawater intrusion model
based on historic data using SEAWAT, and analysis
of the impact of projected SLR on seawater intrusion
using the calibrated model. In order to perform
accurate projection of sea level, the climatic variables that inCuence sea level have to be identiBed.
There are numerous studies in which climatic variables that inCuence sea level changes have been
reported. The variations in local/regional scale sea
level are related to the sea level pressure (Cui et al.
1995; Heyen et al. 1996). It was also observed that
local sea level variation is more inCuenced by sea
level pressure than sea surface temperature (Cui
et al. 1995). Naren and Maity (2017) investigated the
eAect of local hydroclimatic variables such as air
temperature, wind, sea level pressure, and precipitation on sea level dynamics and concluded that
changes in sea level are inCuenced by local climate
variables; the eAect of these variables on sea level
varies from location to location. It has been reported
that waters in the Arabian Sea have high salinity and

Most of the data required for model development
were collected from the Central Groundwater
Board, Thiruvananthapuram and Kerala State
Groundwater Department, except for rainfall data,
which was collected from the India Meteorological
Department. Data regarding topography, lithology, water supply, location of pumping wells,
groundwater level data and water quality data
were also obtained from the Central Groundwater
Board, Thiruvananthapuram and Kerala State
Groundwater Department for the period January
2003 to December 2014. The location and the
details of pumping wells in the study area are listed
in table 2. All the Bve wells are dug wells.
For statistical downscaling of sea level projections from the global climate models (GCMs), both
reanalysis data (Source: ECMWF (European
Centre for Medium-Range Weather Forecasts))
and satellite data (Source: CMEMS (Copernicus
Marine Environment Monitoring Service)) were
used (January 2000–December 2014). The satellite
altimeter observations include ocean mass change
and thermosteric contribution (IPCC 2014).

3. Methods
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this has an eAect on sea level change (Hareesh
Kumar and Mathew 1997; Joseph and Freeland
2005). The inCuence of salinity on sea level changes,
the so-called halosteric eAect, has been ascertained
in many studies. The halosteric eAect is significant in
the Indian Ocean as well (Durack et al. 2014; Llovel
and Lee 2015). Increase in salinity leads to local sea
level drops as it alters the density structure of the
seawater. Halosteric contraction of seawater can
compensate the thermosteric contribution to sea
level (Suzuki and Ishii 2011; Durack et al. 2014).
Therefore, in this study, the climatic variables such
as, sea surface temperature (sst), surface pressure
(sp), mean sea level pressure (psl), evaporation
(e) ocean current (oc), and sea surface salinity (ss)
were considered. Further, a correlation analysis was
performed between sea level and the independent
variables to identify the most inCuencing variables,
which were subsequently used as predictors for sea
level. Among the variables, data pertaining to sea
level (ssh), ocean current (oc), and sea surface
salinity (ss) for the period 2000–2014 are satellite
altimetry observations and these were obtained
through the CMEMS web portal; the rest of them,
sea surface temperature (sst), surface pressure (sp),
mean sea level pressure (psl) and evaporation (e)
were obtained through ECMWF web portal for the
same period. Future values (up to 2050) of the most
inCuencing variables were obtained from CMIP5 for
RCPs 4.5 and 8.5. SVM technique was employed for
statistical downscaling of sea level projections from
GCM outputs. Sea level projections for RCPs 4.5 and
8.5 were downscaled for the period up to 2050. RCPs
are greenhouse gas concentration paths espoused by
the IPCC in its Bfth Assessment Report (AR5) in
2014. The report mentions four RCPs, viz., RCP 2.6
(low emission), RCP 4.5 and RCP 6 (intermediate
emission) and RCP 8.5 (high emission) (IPCC 2014).

3.1 Support vector machine
Support vector machine is a binary learning
machine, which is widely used in classiBcation and
regression problems. The main principle behind
SVM is that, it will construct a decision surface
called hyperplane in such a manner that the border
of segregation between the positive and negative
data points is maximized. This basic idea is also
applied in case of nonlinearly separable patterns. An
inner-product kernel between a vector drawn from
the input data space and the support vector is the
concept in the formulation of support vector

learning algorithm. The kernel method in the design
of SVMs is optimal (Haykin 2009). It has been
reported in literature, that support vector regression
(SVR) gives results better than those obtained using
classical regression techniques (Voyant et al. 2017).
3.1.1 Support vector regression (SVR)
The objective function is to minimize
N
X

1
E½yðxn Þ  ydn  þ kw k2 ;
2
n¼1

J ¼C

ð1Þ

where C is the inverse weight penalty parameter, E
is an error function and 12 kw k2 is a weight penalty
term. yðxn Þ is the estimator output and ydn is the
target data. In order to retain the sparseness
property of the SVM classiBer, E is deBned as:
8
< jz j  ; if jz j [ 
E ðz Þ ¼
ð2Þ
:
0;
otherwise:
This is called -insensitive error function; it
ignores errors of size smaller than . Two slack
variables are introduced nn and n0n such that nn  0
and n0n  0. So,
ydn [ yðxn Þ þ ;

if nn [ 0

ydn \y ðxn Þ þ ;

if n0n [ 0:

The objective function can be modiBed as:
Minimize J ¼ C

N
X

1
ðnn þ n0n Þ þ kw k2 ;
2
n¼1

ð3Þ

subject to nn  0, n0n  0, ydn  yðxn Þ þ  þ nn ,
ydn  yðxn Þ    n0n .
Lagrange multipliers are introduced to handle
the constraints.
SVR is performed in a feature space,
y ðx Þ ¼ w T /ðx Þ þ w0 ;

ð4Þ

where, / is the feature map and w0 is the bias.
w¼

N
X
ðkn  k0n Þ/ðxn Þ:

ð5Þ

n¼1

Substituting (5) into (4) gives
y ðx Þ ¼

N 
X
n¼1


kn  k0n K ðx; xn Þ þ w0 ;

ð6Þ
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where kn and k0n are the Lagrangian multipliers, the
kernel function is K ðx; xn Þ ¼ /T ðx Þ/ðxn Þ. The data
points which contribute in the above summation
(equation 6) are called support vectors (Hsieh
2009). Some of the commonly adopted kernels are
linear, polynomial, splines and radial basis function
(RBF) (Tripathi et al. 2006) and in this study, the
polynomial kernel was used. The model performance was assessed using statistical measures such
as Pearson correlation coefBcient (r), coefBcient of
determination (R2), average squared error (ASE)
and percent bias (PBIAS).

3.2 Seawater intrusion modelling
Modelling of seawater intrusion in coastal aquifers
can be carried out either by the sharp interface
approach or by the disperse interface approach. In
nature, the interface will be dispersed owing to the
mechanical dispersion and chemical diffusion processes (Cooper et al. 1964). In this study, the model
SEAWAT was employed to simulate seawater
intrusion in the study area. It is a package for
modelling of 3D variable-density, transient
groundwater Cow based on the disperse interface
approach (Langevin et al. 2003). The governing
equation for Cow, expressed in terms of freshwater
head is given by equation (7)

where x, y, z are the orthogonal coordinate axes,
aligned with the principal directions of hydraulic
conductivity; k is the hydraulic conductivity of the
aquifer [LT1]; S is the speciBc storage of the
aquifer [L1]; t is the time [T]; c is the aqueous
concentration of the solute [ML3]; h is the eAective porosity [dimensionless]; q is the density of the
native aquifer water [ML3]; qf is the density of
freshwater [ML3]; Z is the elevation of the point
considered above an arbitrary horizontal datum
[L]; qs is the volumetric Cow rate of sources and
sinks per unit volume of aquifer [T1]; and hf is the
equivalent freshwater head.
The following partial differential equation
describes solute mass transport in groundwater






@ðhcÞ
@
@c
@
@c
@
@c
¼
hDx
þ
hDy
þ
hDz
@t
@x
@x
@y
@y
@z
@z
@
@
@
 hvx c  hvy c  hvz c þ qs cs ; ð8Þ
@x
@y
@z
where v is the seepage or linear pore water velocity
[LT1] and cs is the concentration of the source or
sink Cux (qs ).
Here Cow and solute transport are coupled, and
for such models, Baxter and Wallac developed a
linear relationship between Cuid density and solute
concentration as given by equation (9) (Guo and
Langevin 2002)
q ¼ qf þ Ec:

"
!#
@
@hf q  qf @Z
qkx
þ
@x
@x
qf @x
"
!#
@
@hf q  qf @Z
qky
þ
þ
@y
@y
qf @y
"
!#
@
@hf q  qf @Z
qkz
þ
þ
@z
@z
qf @z
¼ qSf

@hf
@q @c
 qs qs
þh
@c @t
@z

ð9Þ

E is the dimensionless constant, for seawater salts,
its approximate value is 0.7143, and c is the salt
concentration [ML3].

4. Results and discussions
4.1 Projection of sea level
ð7Þ

A correlation analysis was performed between
the dependent variable sea level (ssh) and the

Table 3. Correlation matrix.
Variables
ssh
sst
psl
sp
e
ss
oc

ssh

sst

psl

sp

e

ss

oc

1
0.552
0.622
0.618
–0.378
–0.743
–0.644

0.552
1
0.036
0.049
–0.540
–0.384
–0.565

0.622
0.036
1
0.999
–0.088
–0.484
–0.497

0.618
0.049
0.999
1
–0.088
–0.495
–0.510

–0.378
–0.540
–0.088
–0.088
1
0.179
0.152

–0.743
–0.384
–0.484
–0.495
0.179
1
0.369

–0.644
–0.565
–0.497
–0.510
0.152
0.369
1
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Figure 2. Altimeter vs. SVR modelled sea level over grid point (9.75°N, 76.25°E).

Figure 3. Projection of sea level (a) RCP 4.5-CanESM2, (b) RCP 8.5-CanESM2, and (c) RCP 8.5-ISS-E2-H.

(psl), and evaporation (e) to identify the most
inCuencing variables that were then used as predictors for sea level. Data for the analysis were
retrieved for the grid point (9.75°N, 76.25°E),
which is the grid point nearest to the tidal gauge
station located at Willingdon Island (Cochin),
Ernakulam, Kerala, for the period January
2000–December 2014. Results of the correlation
analysis performed are presented in table 3.
It is evident from the correlation matrix that the
variables most correlated to sea level are mean sea
level pressure, surface pressure, sea surface

Table 4. Model evaluation.
Evaluation
parameter
r
R2
ASE
PBIAS

Model values
Training

Testing

0.902
0.813
0.001
0.840

0.916
0.839
0.004
13.40

independent variables such as ocean current (oc),
sea surface salinity (ss) sea surface temperature
(sst), surface pressure (sp), mean sea level pressure

Table 5. Global climate models used.

Model
acronym
CanESM2
GISS-E2-H

Atmospheric grid
resolution (degrees)

Ocean grid resolution
(degrees)

Model

Latitude

Longitude

Latitude

Longitude

Second Generation Canadian Earth
System Model
NASA Goddard Institute for Space
Studies E2-H Model

2.7906

2.8125

0.9303, 1.1407

1.40625

2

2.5

1

1
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temperature, ocean current and sea surface salinity.
Among these variables, salinity has the highest
correlation with sea level, which indicates that
halosteric eAect is significant. Apart from this,
surface pressure has a strong correlation with the
mean sea level pressure. Ocean current exhibits
good correlation with sea surface temperature,
surface pressure and mean sea level pressure. These
inter-correlated variables were discarded from the
list of predictors; thus, it is observed that the most
inCuencing variables are sea surface temperature,
sea surface salinity and mean sea level pressure.
Hence, based on the Bndings of previous studies
reported in literature, and correlation analysis, the
above three variables were used as predictors for
statistical downscaling and projection of sea level
for the future period using SVR. In order to develop
the SVR downscaling model, 70% of climate data
(January 2000–June 2010) was used for training
and the remaining 30% (July 2010–December 2014)
was used for testing. First degree polynomial was
used as kernel in the SVR model. During training,
parameters of the SVR model, C and  were
obtained by trial and error and found to be 10 and
0.001, respectively. During testing, the remaining
Table 6. Initial values of the hydrogeologic parameters.
Parameter

Value

Hydraulic conductivity (kx=ky) (m/day)
SpeciBc storage (SS) (1/m)
SpeciBc yield (Sy)
Effective porosity
Density of seawater (kg/m3)
Freshwater density (kg/m3)
Seawater concentration (mg/l)
Dispersion (m)

60
0.00006
0.15
0.2
1025
1000
35000
10

data were given as input to the trained model to
predict sea level values. The data obtained from
satellite altimeter over the grid point and predicted
values of sea level are compared in Bgure 2.
The model performance was evaluated based on
the values of the correlation coefBcient (r), coefBcient of determination (R2), average squared error
(ASE) and percent bias (PBIAS) as shown in
table 4.
Models with R2 [ 0.5 are considered as acceptable (Moriasi et al. 2007). If PBIAS\  10; the
model performance can be categorized as very good
and if 10  PBIAS\  15; the model performance
can be categorized as good (Moriasi et al. 2007;
Okkan and Inan 2016). The results indicate that,
over the grid point, during training and testing, the
performance of the SVR model is reasonably good.
The value of ASE is very small; therefore, it is
evident that the model is performing well.
For future projection of sea level, the GCM data
for the predictors were input to the SVR downscaling model. Details of the GCMs used are tabulated in table 5. GCM data were extracted from
the CMIP5 model CanESM2 (Canadian Earth
System Model). Future sea level is projected for
RCPs 4.5 and 8.5 up to 2050 (Bgure 3a and b).
Results indicate that projected SLR in the year
2050 with respect to 2014 is 8.64 cm and 12.96 cm
under RCPs 4.5 and 8.5, respectively. According
to IPCC, GMSL rise in 2046–2065 with respect
to 1986–2005 in meters may be around 0.26
(0.19–0.33) for RCP 4.5 and 0.30 (0.22–0.38) for
RCP 8.5. IPCC used the period 1986–2005 as the
baseline for the projection of sea level rise, but the
present study calculated SLR in reference to 2014.
Therefore, the range of SLR in 2050 with respect to
that in 2014 was approximately estimated by

Figure 4. Observed vs. simulated (a) hydraulic head and (b) TDS concentration.
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Figure 5. Time series plot of hydraulic head in the control well at Chellanam (well 1).

Figure 6. TDS concentration (mg/l) contours: (a) 2003 and (b) 2008.

simple linear interpolation of the SLR values
speciBed in IPCC (2014). Accordingly, with respect
to 2014, the rise in the year 2050 speciBed by IPCC
would be 0.069 (0.043–0.095) under RCP 4.5 and
0.08 (0.05–0.11) meters under RCP 8.5. The sea
level projections of the present study can therefore
be considered reasonable. In addition to this, sea
level was projected under RCP 8.5 with data from

another CMIP5 model GISS-E2-H (NASA Goddard Institute for Space Studies) to assess the
change in sea level prediction when different GCM
models are used (Bgure 3c). Results based on the
GISS-E2-H model indicate that the rise in sea level
in 2050 with respect to 2014 is 8.64 cm under RCP
8.5, which is less than the rise obtained from
CanESM2 model. In this study, the impact of SLR

218

Page 10 of 15

J. Earth Syst. Sci. (2020)129:218

Figure 7. TDS concentration contours (mg/l): (a) 2010 and (b) 2014.

on seawater intrusion was analyzed with sea level
projections obtained using CanESM2 model so that
the worst condition is considered in the simulation.
Based on the results, it is evident that projections
of sea level with different GCMs yield different
results; hence further studies on uncertainty of
models could be carried out, though it is out of the
scope of present study.

4.2.2 Initial and boundary conditions
Initial head and concentration were assigned by
interpolating water levels and total dissolved solids
(TDS) during January 2003, respectively. Boundary conditions applied on the sea side are constant
head of 0 m and constant TDS concentration of
35,000 mg/l. Also the recharge is considered as
10% of rainfall (GEC 2015).

4.2 Groundwater model
4.2.3 Model calibration and validation
4.2.1 Spatial discretization
The study region was discretized into regularly
spaced grids for Bnite difference based simulation.
The study area extends over a length of 11 km in
the X direction and 24 km in the Y direction. The
grid spacing adopted was 200 m in the X and Y
directions. The aquifer is discretized as a single
layer vertically, based on the lithological data and
the fact that study is mainly focusing on horizontal
movement of saltwater. The maximum elevation of
the study area was 7.49 m and minimum elevation
was –22.5 m.

Calibration of the model was performed
(2003–2010), using observed head and TDS concentrations, by changing the values of the aquifer
parameters such as hydraulic conductivity and
dispersion coefBcient, until a good match is
obtained between the observed and computed
values of these variables and the normalized root
mean square error (RMSE) is in the range of 10%
or less. Initial values of various hydrogeologic
parameters used for modelling are taken from a
previous study (Anusree 2016) presented in
table 6. During calibration, the hydraulic
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conductivity and dispersion coefBcient are varied
to match the observed water level and TDS concentration with that of simulated results. Finally
adopted values of hydraulic conductivity and dispersion coefBcient of the aquifer are varied between
1.3–60 m/day and 10–55 m, respectively.
The SEAWAT simulation model was run for the
period from January 2003 to December 2010. The
computed monthly values of hydraulic head and
TDS at Bve control wells were compared with
corresponding observed values for the period
2003–2010. Comparison of the computed and
observed values of hydraulic head at control wells
Table 7. Values of sea level rise used for prediction.
Rise (m)
Year
Start
Jan 2003
Dec 2014
Dec 2025

RCP 4.5

RCP 8.5

End

Start

End

Start

End

Dec 2014
Dec 2025
Dec 2050

0
0
0.0264

0
0.0264
0.0864

0
0
0.0396

0
0.0396
0.1296

(Bgure 4a) reveals reasonably close agreement
between the two. A correlation coefBcient of 0.994
and normalized RMS value of 4.9% were obtained for
the calibration phase. Comparison of the TDS values
in all the control wells, presented in Bgure 4(b), also
revealed close agreement between the observed and
corresponding computed values; a correlation coefBcient of 0.996 and normalized RMS of 1.43% was
obtained. Figure 5 is the time series plot of hydraulic
head in the well at Chellanam (well1). The TDS
concentration contours for the years 2003, 2008
and 2010, plotted based on the values from the
simulation are depicted in Bgures 6 and 7(a).
The calibrated model was further validated using
data for the period 2011–2014. Figure7(b) depicts
the TDS concentration contour map developed
using the computed values of TDS during the validation run. This also showed reasonably good
agreement with the one developed using observed
TDS values for the validation period. The area in
which TDS is[500 mg/l are considered to be aAected by seawater intrusion. From Bgures 6 and 7, it is
evident that TDS in groundwater is the highest in

Figure 8. Head (m) and TDS (mg/l) concentration contours for without SLR condition – 2050.
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Figure 9. Head (m) and TDS (mg/l) concentration contours for RCP 4.5 scenario – 2050.

the area in and around Chellanam. The length of
intrusion is computed as the distance between
shoreline and the concentration contour of 500 mg/l.
In 2003, the length of intrusion towards east direction was found to be 2.2 km, whereas in 2014, the
length of intrusion was 0.728 km. This could be due
to the reduction in pumping rate in the region.
Similarly, the length of intrusion towards north
direction in 2003 was 10.727 km, whereas in 2014 the
length of intrusion reduced to 6.951 km.
4.3 Effect of sea level rise on seawater intrusion
The calibrated and validated seawater intrusion
model was used to analyze the repercussions of
projected SLR under RCPs 4.5 and 8.5. The projected SLR corresponding to these RCPs were
input as the head on the sea side (table 7).
Simulation runs were performed up to 2050 for
three scenarios described below.
Scenario 1: In this scenario, simulation was
carried out without considering SLR. The future
recharge was taken as 10% of the annual average

rainfall and pumping was assumed to be the same
as that in 2014.
Scenario 2: In this scenario, simulations were
performed for RCP 4.5. The pumping rate was
assumed to be same as that of the year 2014 and
head values on the sea side were assigned based on
SLR values obtained under RCP 4.5. The recharge
rate was changed according to the rainfall values
obtained under RCP 4.5.
Scenario 3: In this scenario, simulations were
performed for RCP 8.5. In this case also the
pumping rate was assumed to be same as that of
the year 2014 and head values on sea side were
assigned based on SLR values obtained under
RCP 8.5. The recharge rate was changed
according to the rainfall values obtained under
RCP 8.5.
The simulation results for all the three scenarios
are depicted in Bgures 8–10. For all the three scenarios, during 2050, the direction of Cow is towards
the ocean in all the areas except for a very small
region on the south side of Chellanam as shown in
Bgures 8(a), 9(a) and 10(a).

J. Earth Syst. Sci. (2020)129:218
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Figure 10. Head (m) and TDS (mg/l) concentration contours for RCP 8.5 scenario – 2050.

The TDS concentration contours during 2050 for
all the three scenarios are depicted in Bgures 8(b),
9(b) and 10(b). When compared with the concentration contour for the year 2014, for all the three
scenarios there is a decrease in the length of
intrusion during 2050. The length of intrusion
towards east direction during 2050 is 0.507, 0.570
and 0.584 km for scenarios 1, 2 and 3, respectively.
Similarly, the length of intrusion towards north
direction is 6.163, 6.256 and 6.271 km for scenarios
1, 2 and 3, respectively. Hence, it can be concluded
that the length of intrusion during 2050 is slightly
higher for RCP 8.5 when compared RCP 4.5 and
without SLR scenario.

5. Conclusions
A change in sea level aAects coastal areas in many
ways; it may aAect the freshwater–seawater interface as well. In this study, climate change induced
SLR in the future was projected using an SVM
based statistical downscaling model. Also,

SEAWAT was employed to develop a comprehensive regional simulation model to understand the
repercussions of projected SLR on seawater intrusion in a part of the coastal aquifer in Ernakulam
district, Kerala, India. The speciBc study area was
the coastal stretch from Chellanam to Vypin. From
the analysis, it is observed that the local climatic
variables inCuencing change in sea level the most,
are the mean sea level pressure, sea surface temperature and sea surface salinity. In addition to
this, it was observed that sea level changes are
more inCuenced by halosteric eAect than by thermosteric eAect. Majority of the existing studies
have only considered thermosteric contribution
and this may overestimate sea level projections.
Both thermosteric and halosteric eAects are taken
into account in this study, therefore sea level projections are obtained with reasonable accuracy.
Results indicate that the projected SLR in the year
2050 with respect to 2014 may be about 8.64 cm
and 12.96 cm under RCPs 4.5 and 8.5, respectively.
Also it is observed that the sea level projections
differ for different GCMs, and hence it is
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imperative to conduct further studies on the
uncertainty associated with GCM projections;
however, it is out of the scope of the present study.
From the results, it is discerned that, there is a
decreasing trend in the length of intrusion towards
both east and north directions during 2050. The
length of intrusion calculated for RCP 8.5 is found
to be slightly greater than that of RCP 4.5 and
without SLR scenario in both east and north
directions. Overall, the results of this study seem
to indicate that the eAect of projected SLR on
seawater intrusion in the coastal aquifers of
Ernakulam district is negligible.
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