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Abstract
Sea level rise is one of the manifestations of climate change and may cause a threat to the coastal regions. Estimates from global
circulation models (GCMs) are either not available on coastal locations due to their coarse spatial resolution or not reliable since
the mismatch between (interpolated) GCM estimates at coastal locations and actual observation over historical period is signif-
icantly different. We propose a semi-empirical framework to model the local sea level rise (SLR) using the possibly existing
relationship between local SLR and regional atmospheric/oceanic variables. Selection of set of input variables mostly based on
the literature bears the signature of both atmospheric and oceanic variables that possibly have an effect on SLR. The proposed
approach offers a method to extract the combined information hidden in the regional fields of atmospheric/oceanic variables for a
specific target coastal location. Generality of the approach ensures the inclusion of more variables in the set of inputs depending
on the geographical location of any coastal station. For demonstration, 14 coastal locations along the Indian coast and islands are
considered and a set of regional atmospheric and oceanic variables are considered. After development and validation of the model
at each coastal location with the historical data, the model is further used for future projection of local SLR up to the year 2100 for
three different future emission scenarios represented by representative concentration pathways (RCPs)—RCP2.6, RCP4.5, and
RCP8.5. The maximum projected SLR is found to vary from 260.65 to 393.16 mm (RCP8.5) by the end of 2100 among the
locations considered. Outcome of the proposed approach is expected to be useful in regional coastal management and in
developing mitigation strategies in a changing climate.

1 Introduction

Sea level rise (SLR) is one of the crucial impacts of climate
change, alarming nearly 40% of the world’s population resid-
ing within 100 km from the sea. The global mean sea level
(GMSL) and its future projection are already established in the
context of climate change by different studies (Rahmstrof
2007; Meehl et al. 2007a, 2007b; Vermeer and Rahmsrof
2009; Jevrejeva et al. 2009; Solomon et al. 2009; Jevrejeva
et al. 2010; Grinsted et al. 2010; Kemp et al. 2011; Pardeans
et al. 2011). However, it is recognized that the global average
SLR and its future projections may vary considerably from
one location to another, and the extent of such deviation may
also vary from one location to another. Therefore, assessment
of the local SLR is essential and being attempted in various

recent research studies (Katsman et al. 2011; Horton et al.
2011; NYCPCC 2013; Miller et al. 2013; Kopp et al. 2014).
However, most of the global or local studies on SLR mostly
explore a particular causal variable depending on the problem
at hand. For instance, sea level as a function of air temperature
is investigated by several scientific studies (Rahmstrof 2007;
Vermeer and Rahmsrof 2009; Jevrejeva et al. 2009; Grinsted
et al. 2010; Jevrejeva et al. 2010; Kemp et al. 2011). The
assessment of sea level change (SLC) caused by other climate
factors such as wind pattern, sea level pressure, and precipita-
tion is also established (Lowe and Gregory 2006; Bindoff
et al. 2007; Kolkar and Hameed 2007; Miller and Douglas
2007; Grinsted et al. 2010; Albrecht and Weisse 2012). SLR
at the local scale may also be influenced by many oceanic
factors. The SLR caused by the effects of ocean temperature
and salinity changes is called steric sea level rise. The changes
in the ocean temperature and salinity change the density of the
ocean mass, which results in sea level variations. The ocean
temperature is the primary indicator of the variation of the
climate system (Levitus et al. 2005; Bindoff et al. 2007).
Durack et al. (2014) have investigated the role of salinity in
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sea level variation. The Interngovernmental Panel on Climate
Change Fifth Assessment Report (IPCC AR5) gives the var-
ious climate sensitive and oceanic factors responsible for re-
gional deviation of SLC (IPCC 2014).

Several coupled ocean/atmosphere general circulation
models (OAGCMs) provide an estimate of sea level as the
sea surface height (SSH) above geoid. Even though the esti-
mates are expected to be dynamically consistent with the re-
gional effect, these are only reasonable at large scale.
However, at local scale, the correspondence of SSH to the
local SLR suffers from two major shortcomings: (i)
Generally, the GCM grids are sparse enough to get the assess-
ment at any specific coastal locations and (ii) correspondence
between SSH and observed sea level at coastal locations is
found to be very poor even after proper interpolation from
the near most grid intersection of the GCM. Considering the
second-generation Earth System Model of the Canadian
Centre for Climate Modeling and Analysis (CanESM2), a
demonstration is shown later in this regard.

It is expected that the effect of all the possibly influencing
variables on local SLR is coupled and a concurrent, joint
effect is manifested in the SLR. Naren and Maity (2016) in-
vestigated the relationship between the local sea level rise and
the combined effect of climate variables at the local scale. In
that study, the local sea level rise was modelled considering
the combined effect of five climate variables: (i) air tempera-
ture, (ii) zonal wind, (iii) meridional wind, (iv) sea level pres-
sure, and (v) precipitation. It was basically a methodological
development of a semi-empirical modeling of local sea level
rise. The efficacy of the proposed methodology was demon-
strated by considering, (i) the climate information at local
scale only, i.e., at the location of tide gauges (it is not regional),
and (ii) single GCM (CanESM2) for obtaining the climate
variables and (iii) only atmospheric variables (not the oceanic
variables).

This study, while utilizing the potential of the previously
developed approach, attempts to model the local sea level rise
under climate change using regional atmospheric and oceanic
variables through empirical orthogonal function (EOF) anal-
ysis since the relationship between the large-scale atmospheric
fields and the regional sea level changes is well established
(Yan et al. 2004; Hünicke and Zorita 2006; Albrecht and
Weisse 2012; Calafat and Chambers 2013). The developed
model is further used to model future projection of local sea
level rise using regional information. The association between
the regional variability of atmospheric and oceanic variables
(henceforth called as set of input variables) with the local SLR
is considered as the basis of the proposed study.

In the set of input variables, five atmospheric variables (i)
air temperature (ATP), (ii) zonal wind (UWN), (iii) meridional
wind (VWN), (iv) sea level pressure (SLP), and (v) precipita-
tion (PPT) and four oceanic variables (i) sea surface tempera-
ture (SST), (ii) sea surface velocity along X direction (SSV-

X), (iii) sea surface velocity along Y direction (SSV-Y), and
(iv) sea surface salinity (SLN) are considered. The non-
climatic factors influencing the sea level such as sediment
compaction, glacial isostatic adjustment (GIA), and land
movements are not considered due to non-availability of their
reliable estimates. However, if proper estimates of sediment
compact, GIA, and land movements are available at the coast-
al locations, it can be subtracted or added to the modeled sea
level to have a revised sea level. The local SLR at a coastal
location is affected by the changes in the rise of global average
sea level because of various factors such as land ice melt,
glacier melt taking place in the global ocean. Such global
changes in the sea level are considered in the proposed ap-
proach by adding the GMSL to the projected rise obtained at
different locations.

The objective of the study is to investigate and extract the
relationship between the local sea level rise and combined
effect of the regional-scale variability of atmospheric (ATP,
UWN, VWN, SLP, and PPT) and oceanic variables (SST,
SSV-X, SSV-Y, and SLN) using a semi-empirical approach.
In order to extract the coherent variations of the data of climate
and oceanic variables that are more dominant among the re-
gional fields of climate and oceanic variables, the EOF anal-
ysis is used. The EOF represents the dominant regional-scale
variable pattern of the climate and oceanic variables. Each of
the EOF modes is associated with a time series of principal
components (PCs) which signifies the evolution of the EOFs
over time.

The anomalous fields (after extracting the seasonality and
normalized by standard deviation) of input variables, defined
in the space and time domain, are decomposed into dominant
spatial and temporal modes using EOF analysis. Then, first
three EOFmodes that contain maximum part of the variability
of each variable are used to develop a combined index (CI).
The CI is developed through supervised principal component
analysis (SPCA), in which the combination is supervised by
the characteristics of the observed historical sea level variation
at the target coastal location. Thus, the obtained CI may vary
from one location to another which is the importance of using
SPCA in extracting the atmospheric/oceanic signal in a best
possible way for the target location. Thus, the developed CI is
location specific and carries the integrated information for
location-specific SLR in tune with the variation of climate
over the historical period. After development and validation
of the model at each coastal location with the historical data,
the model is further used for future projection of local SLR up
to the year 2100 for three different future emission scenarios
represented by representative concentration pathways
(RCPs)—RCP2.6, RCP4.5, and RCP8.5 to assess the local
SLR at the coastal locations till the end of the twenty-first
century.

It is worthwhile to mention here that other factors behind
the SLRmay also be considered if the data is available and are
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not implicitly considered in the assessment of global SLR. To
account for such factors, the future projection of local SLR
obtained from the proposed approach is added to projected
global SLR obtained from the GCM. The proposed model is
applied at 14 coastal locations on the sea coast of India and at
islands in the Indian Ocean.

2 Data, study area, and a preliminary analysis

The monthly observed sea level data at various coastal loca-
tions are obtained from the archives of Permanent Service for
Mean Sea Level (PSMSL). However, at many places, such
records are either incomplete or having very short length,
which are not suitable for the study. Thus, the stations (coastal
locations) with reasonably good length of records and less
number of missing values are considered. Locations of such
stations are shown in Fig. 1 along with demarcation (used for
analysis only) of Bay of Bengal, Arabian Sea, and Indian
Ocean. Table 1 shows the details of the model development
and testing period details along with the number of missing
records. Selection of these periods is based on the period of
availability of observed sea level data from the PSMSL ar-
chives. The time steps with missing values are ignored from

the analysis. Table 1 also shows the future projection period,
which is uniform for all the stations (2006–2100).

The data of atmospheric and oceanic variables are obtained
from different GCMs, and considering the inherent uncer-
tainties, model average values are used for the analysis during
historical (model development and testing periods) and future
projection period (2006–2100). Considered GCMs in the his-
torical period are

(i) The CanESM2.
(ii) The third-generation physical coupled model:

Geophysical Fluid Dynamics Laboratory (GFDL-
CM3).

(iii) The fourth version of Community Climate System
Model (CCSM4).

(iv) The third-generation Hadley Centre Climate Model
(HadCM3).

(v) The third-generation Meteorological Research Institute-
Coupled Global Climate Model (MRI-CGCM3).

During the projection period, the set of data are obtained
from the four GCMs as shown in the aforementioned list ex-
cluding HadCM3 since the estimates for this GCM are not
available beyond the year 2035.

Fig. 1 Study area map showing
the coastal locations
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A quick analysis is carried out to check the individual per-
formance of GCMs in replicating the local SLR. As stated
before, estimates of SSH are available from several coupled
OAGCMs, but the spatial resolution is too large to have the
estimates at specific coastal locations. Spatial interpolation
may be the only way out. In this quick analysis, the output
from CanESM2 is considered for which the spatial resolution
is 0.93°×1.46°. As a consequence, the grid locations for SSH
values are far away from the coast, and therefore, the SSH
values are obtained from the near most coordinates (latitude
and longitude) to the point of coastal location. Then, the SSH
at the target coastal location is computed by simple linear
interpolation. The observed sea level data obtained from the
PSMSL archives is referred to the benchmark called as re-
duced level rate (RLR), whereas the SSH obtained from the
CanESM2 is referred to the mean sea level (MSL). The ap-
proximate difference between the RLR and MSL benchmark
is 7000mm (more details can be found in PSMSL). In order to
refer the SSH data to the RLR, 7000 mm is added to the SSH
data. The correlation coefficient (r) is estimated at different
coastal locations (Fig. 1). The correspondence is found to be
very poor at almost all the coastal locations considered. The
maximum rwas found to be 0.56 (at Cochin) and very poor at
most of the locations (e.g., 0.04 at Okha). At Haldia,
Mangalore, and Karachi, the r values were even negative.
Hence, the estimates from the OAGCMs for the coastal loca-
tions are not reliable.

3 Method

The proposed semi-empirical model investigates the relation-
ship between the regional variability of atmospheric and oce-
anic variables represented by the EOFs and their associated

PCs with the local SLR. The outline of the methodology is as
follows:

(i) The GCM outputs of the considered atmospheric and
oceanic variables for the study regions (Fig. 1) are
obtained.

(ii) The EOFs of the considered atmospheric and oceanic
variables are estimated.

(iii) Location-specific CI is developed by using the SPCA at
the target location.

(iv) The semi-empirical model is developed by using the CI
as the input.

(v) The developed semi-empirical model is validated and
used for the future projection of sea level up to the year
2100 at different coastal locations.

3.1 Empirical orthogonal function analysis

The EOF analysis yields a set of orthogonal spatial and tem-
poral modes in the order of their explained variance. The
spatial and temporal patterns of all the nine atmospheric/
oceanic variables are obtained using the EOF analysis.

The deseasonalized standardized values of the
atmospheric/oceanic variables and the observed sea level are
estimated by subtracting the long-term monthly mean and
dividing it by the standard deviation. It is expressed by

hij ¼ Hij−μi

σi
ð1Þ

where hij represents the computed anomaly field of the data of
input variable at the ith month and jth year. Hij is the original
dataset of input variable at the ith month and jth year, and μi

Table 1 Details of time period of
analysis for different coastal
locations

Location name Development period Testing period Future projection period

Paradip 1966–1996 (65) 1998–2005 (50) 2006–2100

Vishakapatnam 1948–1987 (25) 1988–1995 (7) 2006–2100

Chennai 1952–1987 (29) 1988–1996 (17) 2006–2100

Kandla 1950–1985 (13) 1986–1996 (13) 2006–2100

Karachi 1948–1976 (136) 1977–1986 (4) 2006–2100

Okha 1975–1999 (46) 2001–2005 (0) 2006–2100

Male-B 1989–2003 (11) 2004–2005 (1) 2006–2100

GAN-II (Maldives) 1986–2003 (24) 2003–2005 (0) 2006–2100

Mangalore 1976–1990 (9) 1991–1997 (20) 2006–2100

Diamond Harbor 1948–1996 (1) 1997–2005 (1) 2006–2100

Kolkata 1948–1990 (8) 1991–1996 (1) 2006–2100

Haldia 1970–2000 (31) 2001–2005 (0) 2006–2100

Cochin 1948–1996 (41) 1997–2005 (20) 2006–2100

Mumbai 1948–1985 (6) 1986–1993 (4) 2006–2100

The number of missing data over the time period concerned is shown within brackets
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and σi are the long-term mean and standard deviation of ith
month of the data. The anomaly values of the observed sea
level are also estimated in the same manner using Eq. 1. The
notation used to denote the anomaly values of observed sea
level data is sij, and the time series of original sea level data is
denoted as Sij.

The deseasonalized data of a particular input variable is
represented in the matrix as h. The anomaly value of an input
variable, for example, at time step Bi^ and spatial location Bj,^
is denoted as hij, for i = 1…n and j = 1… p. Thus, the entries of
the matrix h(∈ℜnxp) can be represented as

h ¼
h11 h12 … h1p
h21 h22 … h2p
⋮ ⋮ ⋮ ⋮
hn1 hn2 … hnp

0
BB@

1
CCA ð2Þ

The covariance matrix is estimated from the matrix h as

F ¼ 1

p
hTh ð3Þ

The eigenvectors of the covariance matrix F (∈ℜpxp) are
called as the EOFs or the basis functions. The eigenvalues
obtained from the covariance matrix if arranged in the de-
creasing order of their magnitude are denoted by
λ1 > λ2 > λ3..…λp, where, λ1 is the largest eigenvalue obtain-
ed from the covariance matrix. The basis functions corre-
sponding to decreasing magnitude of eigenvalues can be de-
noted as e1, e2.…ep; here, e1 represents the first EOF.

Thus, the matrix e representing the set of EOF vectors can
be represented as

e ¼ e1 e2 … ep
� � ¼

e11 e12 ⋯ e1p
e21 e22 ⋯ e2p
⋮ ⋮ ⋯ ⋮
ep1 ep2 ⋯ epp

2
6664

3
7775∈ℜ

pxp ð4Þ

The variance explained by each of the EOF is computed as
the ratio between its associated eigenvalue and the summation
of all the eigenvalues λ1….λp. The fraction of the variance (Vi)
explained by the ith EOF can be computed as

Vi ¼ λi

∑
p

i¼1
λi

i ¼ 1;⋯; p ð5Þ

The denominator term in Eq. 5 denotes the summation of
all the estimated eigenvalues. The projection of matrix of
original data of atmospheric and oceanic variable H onto the
EOF modes yields its PCs. The PCs are estimated as

pcs ¼ Hes s ¼ 1;⋯; p ð6Þ

where pcs is the sth principal component, H is the matrix of
original data of the input variables (as mentioned before), and
es is the s

th EOF.
The matrix of time series of all the principal components

(PC ∈ℜnxp) obtained from the EOFs can be represented as

PC ¼ pc1 pc2 … pcp
� � ¼

pc11 pc12 ⋯ pc1p
pc21 pc22 ⋯ pc2p
⋮ ⋮ ⋯ ⋮
pcn1 pcn2 ⋯ pcnp

2
664

3
775 ð7Þ

3.2 Development of combined index from PCs

Using the PCs obtained from the EOFs of the atmospheric and
oceanic variables, a CI is developed. It may be noted that PCs
represent the combined spatio-temporal variation of a single
variable, whereas CI yields a location-specific combination of
the PCs from different input variables depending on their pos-
sible role at a specific location. The CI is developed using a
statistical technique called as SPCA (please refer to Appendix
for general framework of SPCA) as mentioned earlier. The
developed CI stores the information of different input vari-
ables from a wide spatial extent that may cause local SLR at
a specific coastal location. Since the first three PCs explain
most of the variance of the input variable considered, the first
three PCs of each of the nine input variables are considered to
develop the CI.

The CI is developed by multiplying the coefficients of
transpose of the orthogonal transformation matrix U obtained
from the SPCA analysis with the first three PCs of the EOF of
an input variable.

CIij ¼ ∑
k∈Npc

UTPCkij ð8Þ

where k ∈ Npc is the total number of principal components
considered for analysis. UT is the transpose of the orthog-
onal transformation matrix. PCkij represents the principal
components of an input variable obtained from their re-
spective EOFs. Subscript i stands for the month, and j
stands for the year. The size of the U matrix depends on
the number of PCs considered. Since three PCs are con-
sidered for each of the nine input variables, U is an one-
dimensional vector of size: U27 × 1.

3.3 Semi-empirical model for local SLR using climate
signal

The semi-empirical model developed for the local SLR assess-
ment is expressed as
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dŜ̂ij
dt

¼ φ CIij þ a0 ð9Þ

where dŜij
dt is the time rate of local SLR anomaly, φ is the slope

between CI and dŜ
dt , CIij is the combined index, and a0 is a

constant term. Subscript i stands for the month, and j stands
for the year as mentioned earlier. The monthly variation of
local SLR anomaly is rapid, with the sea level either increas-
ing or decreasing over the time steps. The proposed semi-
empirical model is used to estimate the local SLR anomaly.

The estimated local SLR anomaly (Ŝij ) is again back trans-
formed into original scale by

Sij ¼ Ŝ̂ijσi þ μi

� � ð10Þ

The model parameters a0 and φ are estimated by fitting a
linear relationship between the observed SLC anomaly and the
CI at different coastal locations. Since the anomaly values are
used in the semi-empirical model, the estimated constant term a0
is almost zero for all the coastal locations considered. Therefore,
the proposed semi-empirical model signifies modeling the line-
arly varying component between the local SLR anomaly and the
CI. The ability of the model in reproducing the local SLR in
synchronous with the observed local SLR using this approach of
modeling is tested at different coastal locations.

To assess the performance of the model during model
development and testing period, three different types of
statistics are used: (i) correlation coefficient (r), (ii) degree
of agreement (DoA) proposed by Wilmot et al. (2012), and
(iii) scattering index (SI). The SI is computed by dividing
root mean square error (RMSE) by mean of the observed
sea level (with respect to the RLR datum). It is expressed
as percentage after multiplying by hundred. It is obvious
that, even if we use some other datum, the relative perfor-
mance between different coastal locations will be reflected,
i.e., the higher (smaller) values of SI will remain higher
(smaller) for a particular location.

The performance statistics are estimated for the monthly
timescale as well as at some long-term timescales. In the
long-term scale, three timescales (i) 5-year scale, (ii) 10-year
scale, and (iii) 15-year scale are considered. The long-term sea
level is estimated over a moving window length of 60 months
(5-year scale), 120 months (10-year scale), and 180 months
(15-year scale) during the model development period, and
thereafter, the long-term performance statistics defined by r,
DoA, and SI are calculated.

For modeling the future projection, the EOFs of the nine
input variables, i.e., ATP, UWN, VWN, SLP, PPT, SST, SSV-
X, SSV-Y, and SLN are determined for the projection period
(2006–2100). The PCs, thus obtained, are multiplied with the
SPCA coefficients estimated during the historical period to

develop the CI during the projection period. The estimated CI
during the projection period and the model parameters obtained
during the historical period for a particular coastal location are
used in the proposed semi-empirical model to project the sea
level anomaly till the end of the year 2100. The projected
anomaly during the projection period is back transformed into
the original scale and added to the global rise by

Sij ¼ Ŝ̂ijσi þ μi

� �þ GMSLij ð11Þ

where Ŝij is the computed anomaly over the projection period.
The local SLR is expected to be influenced by the changes in
the global sea level. The changes in the global sea level could be
because of the oceanmass changes, melting of glaciers, melting
of ice layers, and other responsible factors. In order to account
for the impact of possible future changes in GMSL on the local
SLR, theGMSL is added to the future projected sea level. Thus,
the overall effect of local SLC in the future is completely
assessed. This gives more confidence in using the projected
local SLR for its practical applications.

4 Results and discussion

The variance explained by the first three EOFs of input vari-
ables over the three ocean basins is given in Table 2. In all the
three ocean basins, the variance explained by the first three PCs
of all the variables is more than 80% for most of the variables
withmaximum for SLP. However, it is least for SSV-X (<
60%). Typical plots of first three EOFs of air temperature with
their corresponding PCs over Bay of Bengal, Arabian Sea, and
Indian Ocean region are shown in Figs. 2, 3, and 4, respectively.
Slow-moving temporal variation of these PCs can be noticed
from these diagrams which is true for all other cases (not
shown).

Using these PCs from all the variables, SPCA coefficients
are shown in Table 3 for different coastal locations over Bay of
Bengal, Arabian Sea, and Indian Ocean. There are total 27
coefficients at a particular coastal location corresponding to
nine input variables. The sum of squares of coefficients at a
particular coastal location is unity. Hence, the magnitude of
these coefficients represent the relative contribution of each of
the EOF in reproducing the local SLR changes as mentioned
earlier. It is noticed from Table 3 that the SPCA coefficient for
a particular variable varies over space (at different locations).
For instance, on the east coast, at Diamond Harbor and
Kolkata, the highest weightage is from the variable ATP.
The highest weightage of ATP (0.58) is also noticed at
Haldia. However, the lowest weightage is noticed for ATP at
Chennai, where UWN shows the highest contribution among
all the input variables. The maximum weightage is noticed for
SLP (0.39) at Vishakapatnam. On the western coast, SSV-Y,
VWN, and SLP play prominent role. In the Indian Ocean
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region, SSTand UWN are found to be key variables. It implies
that the influential role of different variables may vary from
one location to another which may be caused due to many
factors that may not be possible to identify exclusively.
However, given the historical data available, proposedmethod
is able to identify the influential variables at a location.

Obtained, the SPCA coefficients are used for the de-
velopment of CI (details are given in Sect. 3.2) at

different coastal locations. The CI estimated at different
coastal locations represents the integrated effect of atmo-
spheric and oceanic variables. The CI has one-to-one re-
lationship with the SLC at the respective coastal location.
The model parameters a0 and φ at each of the coastal
locations are obtained from the developed location-
specific CI and observed sea level anomaly as mentioned
earlier. The estimated model parameter φ at different

Fig. 2 First, second, and third (top to bottom, respectively) EOFs of air temperature with their corresponding PCs over Bay of Bengal region. Please refer
to Fig. 1 for regions

Table 2 Variance explained by the first three EOFs of different input variables for different ocean regions

Climate variable Variance explained (in %) by first three EOFs

Bay of Bengal Arabian Sea Indian Ocean

First Second Third First Second Third First Second Third

Air temperature 50.81 16.15 8.74 65.13 11.19 6.14 67.85 9.82 3.73

Zonal wind 71.62 15.78 3.62 70.97 17.72 4.21 67.91 11.29 7.99

Meridional wind 38.87 23.85 14.87 55.27 16.59 9.69 44.15 18.5 11.75

Sea level pressure 84.05 7.85 4.03 88.17 6.56 2.89 90.29 6.63 0.88

Precipitation 41.63 16.05 10.63 37.39 14.44 10.33 31.92 15.59 10.59

Sea surface temperature 46.19 10.09 8.46 59.46 8.63 5.21 66.88 13.17 5.59

Sea surface velocity (X) 25.45 12.7 9.45 34.74 14.96 9.34 38.63 11.98 9.51

Sea surface velocity (Y) 64.83 9.05 7.09 72.88 9.1 7.36 40.81 15.76 10.37

Salinity 22.12 11.95 8.89 27.88 18.37 11.19 33.49 17.09 10.3
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coastal locations is shown in Table 4. The estimated pa-
rameter φ is maximum at Paradip (0.07) and Mumbai

(0.05) along the Bay of Bengal and Arabian Sea coastline,
respectively. In both the islands in the Indian Ocean, the

Fig. 3 First, second, and third (top to bottom, respectively) EOFs of air temperature with their corresponding PCs over Arabian Sea region. Please refer
to Fig. 1 for regions

Fig. 4 First, second, and third (top to bottom, respectively) EOFs of air temperature with their corresponding PCs over Indian Ocean region. Please refer
to Fig. 1 for regions
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estimated φ is approximately 0.06. The model parameter
φ (a0 is almost zero) and the location-specific CI are used
in the proposed model to estimate the sea level anomaly at
different locations considered. The comparison plots be-
tween the observed and estimated sea level anomalies are
shown in Fig. 5a, b for all the coastal locations consid-
ered. Performance varies from location to location, e.g.,
the correlation coefficient obtained between the observed
and estimated sea level anomaly is 0.21 at Chennai (Bay
of Bengal coast), 0.38 at Mangalore (Arabian Sea coast),
and 0.54 at Maldives (Indian Ocean region). The plots of
observed and computed sea level during development pe-
riod (left column) and testing period (right column) at
different coastal locations considered in the Bay of
Bengal, Arabian Sea, and Indian Ocean are shown in
Figs. 6, 7, and 8, respectively. Apart from the good cor-
respondence between observed and estimated sea level,

Table 3 Coefficients of first three principal components of EOFs of input variables for different coastal locations

Climate variable PC SPCA coefficients

DIA KOL HAL PAR CHE VIS COC MAN MUM OKH KAN KAR MAL GAN

ATP 1 0.52 0.70 0.58 − 0.76 − 0.07 0.33 0.12 0.07 0.33 − 0.08 − 0.04 0.24 0.13 − 0.15
2 − 0.02 − 0.14 0.02 0.18 − 0.13 − 0.09 − 0.06 − 0.03 0.08 0.05 − 0.24 0.06 0.08 − 0.07
3 0.07 0.02 0.08 0.10 0.19 0.04 0.00 − 0.05 0.07 0.05 0.04 − 0.04 0.06 0.03

UWN 1 − 0.18 − 0.13 0.29 − 0.06 0.60 − 0.17 − 0.62 − 0.22 0.31 − 0.55 − 0.53 − 0.36 0.26 − 0.45
2 0.03 − 0.01 0.05 − 0.19 0.00 0.08 0.02 − 0.12 0.09 − 0.11 − 0.07 − 0.06 0.10 0.12

3 − 0.04 0.02 0.01 0.04 0.03 0.01 0.01 0.10 0.04 − 0.12 0.02 − 0.02 − 0.10 − 0.12
VWN 1 0.04 0.00 0.00 0.23 0.32 − 0.16 0.02 − 0.66 0.47 0.12 − 0.07 0.10 0.26 0.11

2 − 0.05 − 0.17 0.13 0.08 0.10 0.33 0.11 − 0.03 − 0.03 0.06 0.08 − 0.10 0.02 0.13

3 0.04 0.02 − 0.05 − 0.12 0.09 0.32 0.00 − 0.19 0.15 0.08 0.03 0.08 − 0.17 − 0.03
SLP 1 0.21 0.28 0.13 − 0.09 0.37 0.39 0.16 0.26 0.25 − 0.05 0.16 − 0.03 − 0.28 0.22

2 − 0.04 − 0.01 0.03 0.11 − 0.07 − 0.03 − 0.10 0.05 − 0.06 − 0.04 − 0.03 − 0.06 − 0.03 − 0.02
3 − 0.03 − 0.02 − 0.05 − 0.07 0.10 0.05 0.09 0.04 0.05 − 0.04 − 0.01 0.00 0.03 − 0.05

PPT 1 − 0.46 − 0.40 − 0.44 0.13 0.00 0.26 − 0.14 0.06 − 0.04 0.09 − 0.19 − 0.02 0.09 0.00

2 0.00 0.00 0.02 0.08 0.11 0.38 − 0.02 0.11 − 0.24 0.04 − 0.13 − 0.07 − 0.02 − 0.20
3 0.03 0.03 0.01 0.07 0.22 0.05 0.03 − 0.11 − 0.08 − 0.07 0.20 − 0.10 0.20 − 0.04

SST 1 0.33 0.20 0.23 0.01 0.07 0.10 0.05 − 0.18 0.12 0.15 − 0.17 0.56 0.63 − 0.29
2 − 0.02 − 0.12 − 0.06 0.00 0.10 − 0.07 0.00 − 0.17 0.03 − 0.03 0.11 − 0.02 0.26 − 0.07
3 0.05 − 0.11 0.03 0.00 − 0.12 0.05 − 0.01 0.11 0.00 − 0.07 0.01 − 0.01 0.15 0.03

SSV-X 1 0.37 0.25 0.23 − 0.08 − 0.20 0.16 0.11 − 0.35 0.13 0.02 − 0.28 0.16 0.16 0.09

2 − 0.04 − 0.07 − 0.01 − 0.06 0.27 0.17 − 0.11 0.05 − 0.16 − 0.20 − 0.02 0.33 0.14 0.16

3 − 0.05 − 0.01 0.04 − 0.23 0.03 − 0.09 0.04 0.02 0.12 0.00 0.00 − 0.13 0.06 − 0.01
SSV-Y 1 0.32 0.18 0.29 0.26 0.04 − 0.06 0.68 − 0.18 − 0.45 0.00 0.42 0.45 0.07 0.61

2 − 0.01 − 0.06 − 0.02 0.06 − 0.06 0.06 − 0.03 0.04 0.05 − 0.01 − 0.09 − 0.06 − 0.05 − 0.06
3 − 0.08 0.05 − 0.06 − 0.06 − 0.20 − 0.19 0.07 0.08 0.07 − 0.05 − 0.16 0.15 − 0.03 0.22

SLN 1 0.08 0.09 0.33 − 0.26 − 0.16 0.17 0.11 − 0.11 0.34 0.21 − 0.31 − 0.07 0.20 0.10

2 0.11 0.14 − 0.15 0.02 − 0.11 0.26 − 0.15 − 0.09 0.03 − 0.70 − 0.16 − 0.03 − 0.25 0.26

3 − 0.21 0.12 0.00 0.08 0.13 − 0.14 0.00 0.30 − 0.06 − 0.09 − 0.26 − 0.25 0.10 0.05

DIA Diamond Harbor, KOL Kolkata, HAL Haldia, PAR Paradip, CHE Chennai, VIS Vishakapatnam, COC Cochin, MAN Mangalore, MUM Mumbai,
OKH Okha, KAN Kandla, KAR Karachi, MAL Male-B, GAN Gan-II

Table 4 Estimated
values of model
parameter (φ) at different
coastal locations

Location Model parameter (φ)

Paradip 0.0740

Vishakhapatnam 0.0048

Chennai 0.0490

Kandla 0.0282

Karachi 0.0043

Okha 0.0101

Male-B 0.0596

Gan-II 0.0527

Mangalore 0.0076

Diamond Harbor 0.0669

Kolkata 0.0167

Haldia 0.0664

Cochin 0.0470

Mumbai 0.0500
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Fig. 5 a Comparison plot
between observed and computed
sea level anomalies at different
coastal locations during
development period (Bay of
Bengal). b Comparison plot
between observed and computed
sea level anomalies at different
coastal locations during
development period (Arabian Sea
and Indian Ocean)
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Fig. 6 Comparison plot between
observed and computed sea level
at different coastal locations in
Bay of Bengal region during
development period (left column)
and testing period (right column).
Discontinuity represents the
missing observed sea level data

Fig. 7 Comparison plot between
observed and computed sea level
at different coastal locations in
Arabian Sea region during
development period (left column)
and testing period (right column).
Discontinuity represents the
missing observed sea level data
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long-term trend is captured at all the locations. This is
particularly important for future projection of sea level.
As a next step, the model performance is assessed at dif-
ferent temporal scales.

Assessment of the performance is started with the
monthly scale, and the performance statistics are shown
in Table 5 during both model development and model
testing periods at different coastal locations. In Table 6,
the long-term model performance statistics are shown.
The performance of the model as defined by r, SI and
DoA shows good performance (monthly scale) at almost

all the coastal locations both during the model develop-
ment and model testing period. Along the Bay of Bengal
coast, the model performance statistics during develop-
ment period at Haldia is the maximum with r of 0.94
and DoA of 0.77. However, minimum performance sta-
tistics is obtained at Chennai with r of 0.79 and DoA of
0.71. During the testing period, maximum r (0.96) and
DoA (0.88) are obtained at Kolkata and minimum perfor-
mance (r = 0.82 and DoA = 0.72) statistics is obtained at
Chennai. On the western coast, good performances are
noticed at Cochin (r = 0.79 and DoA = 0.71) and
Mangalore (r = 0.88 and DoA = 0.78), whereas moderate
performances are noticed at Mumbai, Karachi, Kandla,
Okha, Male-B, and Gan-II. In general, better performance
is achieved on the east coast which seems to be more
predictable.

The model performance at long-term temporal scales
(5, 10, and 15 years) is also assessed. The estimated per-
formance statistics during the model development period
are good at almost all the coastal locations (Table 6). It is
noticed that the performance is reasonably good except
Kolkata. It is interesting to note that the performance is
good even at those locations showing not-so-good perfor-
mance at monthly scale. This is due to the fact that the
short-term fluctuations are avoided at longer scale. It is
obvious that the long-term performance is more useful
than the short-term performance for the SLR studies
targeting to future projections. At Kolkata, the reason
for poor performance could be the very slow long-term
change in sea level. It may be noted that Kolkata has
almost 80-km interior location from the sea coast on the
bank of river Ganga. Thus, the short-term fluctuations are
more prominent rather than long-term changes in sea level

Fig. 8 Comparison plot between
observed and computed sea level
at different coastal locations in
Indian Ocean region during
development period (left column)
and testing period (right column).
Discontinuity represents the
missing observed sea level data

Table 5 Model performance statistics during model development and
model testing period for different coastal locations

Tidal guagel location Model development period Model testing period

r DoA SI (%) r DoA SI (%)

Diamond Harbor 0.89 0.78 1.6 0.94 0.85 1.04

Kolkata 0.88 0.77 2.98 0.96 0.88 1.43

Haldia 0.94 0.85 1.08 0.80 0.81 1.87

Paradip 0.89 0.79 1.29 0.93 0.82 0.9

Vishakapatnam 0.89 0.79 1.01 0.89 0.79 1.0

Chennai 0.79 0.71 0.98 0.82 0.72 0.86

Cochin 0.79 0.71 0.68 0.83 0.73 0.65

Mangalore 0.88 0.78 0.64 0.83 0.75 0.63

Mumbai 0.57 0.59 0.73 0.61 0.61 0.66

Okha 0.46 0.57 0.84 0.82 0.73 0.47

Kandla 0.55 0.58 1.20 0.45 0.55 1.03

Karachi 0.63 0.59 0.79 0.40 0.53 1.37

Male-B 0.67 0.64 0.47 0.89 0.79 0.28

Gan-II 0.53 0.58 0.59 0.86 0.78 0.28
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(during development period). Apart from this, most of the
locations show reasonable performance both at short-term
and long-term temporal scales.

5 Local sea level projections

The projection of sea level at each coastal location is
carried out for different climate change scenarios of the
IPCC—RCP2.6, RCP4.5, and RCP8.5. Each of the RCP
includes the estimated emissions up to the year 2100. The
assumptions about the future energy sources, population
growth, and other socioeconomic factors are inherent in
each of the RCP. RCP8.5 scenario stands for high green-
house gas emissions, and RCP4.5 is a model mitigation
policy scenario.

The projected climate data for each scenario is obtained
from different GCMs as mentioned before. With the mod-
el average inputs, the same procedure for estimating the
sea level using the developed model is followed. The
location-specific CI is developed during the projection
period for the three RCP scenarios at different coastal
locations to estimate the monthly projected sea level up
to the year 2100. Long-term moving average values of
SLR are also computed. Figures 9, 10, and 11 show the
plot of the projected sea level along with long-term mov-
ing average values of SLR at different coastal locations. A
clear increasing trend is noticed at all the locations, but
amount of rise varies from one location to another. The
relative values of SLR at different locations by the end of
the year 2100 are shown in the Table 7. The relative rise
by the end of 2100 is estimated with respect to the bench-
mark year 1980 for all the coastal locations except Male-
B and Gan-II, where the relative rise is estimated with
respect to the year 1990. The benchmark year is consid-
ered based on the model development period at the re-
spective coastal location. The highest rise among the
coastal locations considered along the Bay of Bengal is
projected at Haldia (349.85 mm) by RCP8.5 scenario.
Along the Arabian Sea coastline, the highest rise of
393.16 mm (RCP8.5 scenario) is projected at Karachi.
The rise projected by the end of 2100 at both the islands
(Gan-II and Male-B) in the Indian Ocean is approximately
312 mm by RCP8.5 scenario. Following RCP4.5 scenario,
the highest rise among all the stations along Bay of
Bengal is projected at Haldia (182.12 mm) at the end of
2100. The projected rise at Karachi (259.33 mm) is the
highest rise along the Arabian Sea coastline according to
RCP4.5 scenario. At both Gan-II and Male-B, approxi-
mately 179 mm rise is projected by RCP4.5 scenario.
By RCP2.6 scenario, the projected rise is the least among
different scenarios considered, showing that the highest
rise is at Vishakapatnam and Chennai (approximately

Table 6 Long-term model performance statistics during model
development periods for different coastal locations

Coastal station Timescale (in months) Peformance statistics

r DoA SI (%)

Diamond Harbor 60 0.79 0.59 0.9

120 0.81 0.59 0.8

180 0.85 0.79 0.7

Kolkata 60 − 0.24 0.49 2.08

120 − 0.22 0.49 1.82

180 − 0.21 0.49 1.51

Haldia 60 0.89 0.62 0.28

120 0.95 0.62 0.24

180 0.95 0.61 0.17

Paradip 60 0.57 0.60 0.17

120 0.69 0.63 0.08

180 0.64 0.59 0.07

Vishakapatnam 60 0.56 0.56 0.24

120 0.63 0.57 0.18

180 0.78 0.54 0.13

Chennai 60 0.28 0.46 0.11

120 − 0.01 0.34 0.06

180 0.28 0.46 0.05

Cochin 60 0.74 0.58 0.21

120 0.84 0.62 0.12

180 0.84 0.63 0.08

Mangalore 60 0.84 0.65 0.12

120 0.77 0.56 0.04

180 – – –

Mumbai 60 0.83 0.64 0.19

120 0.89 0.66 0.14

180 0.90 0.63 0.10

Okha 60 0.45 0.52 0.32

120 0.72 0.40 0.21

180 0.81 − 0.38 0.10

Kandla 60 0.50 0.51 0.58

120 0.64 0.55 0.44

180 0.73 0.55 0.37

Karachi 60 0.64 0.50 0.17

120 0.57 0.26 0.12

180 0.93 0.05 0.09

Male-B 60 0.67 0.50 0.10

120 0.96 − 0.25 0.05

180 – – –

Gan-II 60 0.45 0.49 0.26

120 0.34 0.36 0.11

180 – – –

The cells left blank denote that model development period is less than the
corresponding the timescale
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Fig. 10 Projected sea level in future at different coastal locations over the Arabian Sea for RCP2.6 (left column), RCP4.5 (middle column), and RCP8.5
(right column)

Fig. 9 Projected sea level in future at different coastal locations over the Bay of Bengal for RCP2.6 (left column), RCP4.5 (middle column), and RCP8.5
(right column)
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123 mm) along the Bay of Bengal coastline. The highest
rise is observed at Karachi also by RCP2.6 along the
Arabian Sea coastline. In the Indian Ocean region (Gan-
II and Male-B), approximately 122 mm rise is projected
by RCP2.6. It is observed that RCP8.5 scenario gives the
highest rise and the RCP2.6 scenario gives the least rise
among the three scenarios for all the coastal locations
considered. The former scenario gives almost three times
higher rise than the later.

Research findings of this study have important implications
at different coastal cities. Asian Development Bank (2012)
reports say that the coastal cities are at high risk from sea level
rise, prolonged cyclonic activity, and salt water intrusion. The
World Bank (2014) prepared a special strategy report which
states that a rise of about 450 mm will cause almost 75% of
Indian and Bangladesh Sunderbans (located in the northern
region of Bay of Bengal) to submerge. The islands of
Maldives (Male-B) and Hulule (Gan-II) in the Indian Ocean
are more vulnerable to the SLR since these islands have max-
imum elevation of only 3 m above the sea level. Thus, the
future projected rise at different coastal locations as found out
in this study is alarming.

6 Summary and conclusions

In this study, a semi-empirical approach is proposed to
model the local SLR using the possibly existing relation-
ship between local SLR and regional atmospheric/oceanic
variables. Identifying that the global SLR may vary con-
siderably from local SLR, this study demonstrates the use
of combined effect of regional atmospheric fields (air
temperature, zonal wind, meridional wind, sea level pres-
sure, precipitation) and oceanic fields (sea surface temper-
ature, sea surface velocity along X direction, sea surface
velocity along Y direction, and salinity) in modeling the
location-specific sea level variation. The EOF analysis is
used to obtain the principal components of the
atmospheric/oceanic field variables before they are fed
in to a semi-empirical model for temporal evolution of
sea level. The proposed approach is applied to different
coastal locations over three ocean basins: Bay of Bengal,

Fig. 11 Projected sea level in future at different coastal locations over the Indian Ocean region for RCP2.6 (left column), RCP4.5 (middle column), and
RCP8.5 (right column)

Table 7 Projected sea level rise obtained by the end of the year 2100
relative to 1980. Only for Male-B and Gan-II the projected sea level by
the year 2100 is above the year 1990

Coastal location Rise obtained by the year 2100 (in mm)

RCP 2.6 RCP 4.5 RCP 8.5

Diamond Harbor 119.25 177.50 341.65

Kolkata 109.48 164.17 335.79

Haldia 119.62 182.12 349.88

Paradip 120.29 177.97 321.43

Vishakapatnam 123.32 179.09 312.19

Chennai 123.28 179.05 312.62

Cochin 122.02 179.52 320.35

Mangalore 122.86 178.53 309.61

Mumbai 128.93 187.62 329.02

Okha 124.24 180.00 313.92

Kandla 117.58 160.31 260.65

Karachi 203.48 259.23 393.16

MaleB 122.72 178.43 312.47

GanII 123.22 179.89 312.75
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Arabian Sea, and Indian Ocean. The following are the
major conclusions from the study:

(i) The SPCA coefficients obtained at a particular coastal
location denotes the percentage of relative contribution
of the atmospheric/oceanic variables towards the SLC at
that location. The SPCA coefficient for a particular vari-
able varies over space (at different locations). It implies
that the influential role of different variables may vary
from one location to another. The SLP is the major cli-
mate variable which affects the sea level at coastal loca-
tions in all the three ocean basins. The variables such as
PPT, SSV-X, SSV-Y, and SLN are having lesser relative
influence on the sea level at most of the coastal locations,
with spatial variation. Thus, the method of SPCA is able
to suitably combine the variables to obtain the CI for a
target location considering the relative contribution of
different input variables which may be caused due to
many unidentifiable factors. However, given the histori-
cal data available, the proposed method is able to identify
the influential variables at a location.

(ii) Considering the developed CI as input, local sea level
variations are modeled at different locations using the
proposed semi-empirical model. Efficacy of the pro-
posed approach is reflected through well correspondence
between observed and estimated sea level at different
coastal locations. The developed model shows some
promise in modeling local SLR both at short-term and
long-term temporal scales, and its suitability for future
projection of SLR.

(iii) The trend of projected sea level is increasing at all the
locations for all the three RCPs. RCP8.5 scenario con-
sidered as the worst climate change scenario gives a
maximum rise by the end of year 2100. The maximum
rise obtained according to RCP8.5 scenario along the
Bay of Bengal at Haldia (349.88 mm), along the
Arabian Sea region at Karachi (393.16 mm), and in
the Indian Ocean at Male-B (312.47 mm).

(iv) The trend of the sea level projected according to the
various RCPs during the projection period is not
proportionate with the trend of the estimated sea
level during the historical period at all the locations.
Hence, the same trend cannot be expected during the
projection period.

The outcome of this study shows some promise to
model the local SLR and its expected future projection.
These estimates are expected to be essential for various
coastal development activities such as coastal flood disas-
ter warning and designing of coastal protective embank-
ments. Also, the threat of submergence of coastal areas
and possible planning of mitigation strategies may be
benefited from this study.

Appendix Supervised principal component
analysis

The supervised principal component analysis (SPCA) is a su-
pervised means of dimensionality reduction of data which
estimates the principal components with maximum depen-
dence on the response variable. In this paper, the procedure
of SPCA as adopted in Barshan et al. (2010) is adopted. Given
i.i.d samples [(x1, y1),………(xn, yn)] as n realizations of data
samples (X, Y). The orthogonal projection U of X onto S is
estimated as S =UTX, and Y depends on UTX. The matrix
representing the nine input variables is denoted as X9xn, where
n is the total number of data points. The target variable is the
sea level; it is represented as Y1Xn. The dependence is mea-
sured by Hilbert-Schmidt independence criterion. In order to
accomplish the maximum dependence criteria, the trace of the
matrix tr(HKHL)is maximized where K is the Kernel of UTX
(e.g., XTUUTX), L is the Kernel of Y (e.g., YTY), and Hij = 1 −
n−1eeT. The objective function is formulated as

argmax
u

tr UTXHLHXTU
� � ¼ 1

subjected to the condition that UTU = 1. The above
function is the optimization problem which gives the
orthogonal transformation matrix U. If we consider the
symmetric and real matrix Q = XHLHXT, the eigenvalues
of this matrix Q are λ1 ≤ λ2 ≤ . ……λp and correspond-
ing eigenvectors are v1. . ……vp. The solution of the
optimization solution is given byU=[vp, vp − 1,……, vp − d − 1].
Here, d denotes the dimension of the space S. The target var-
iable is only one that is the sea level; hence, d is one in this
study.
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