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Abstract 20 

The Indian Ocean which is home to many islands and the low-lying coastal zones have been 21 

gaining considerable attention due to the regional rises in sea level. In this study, we examine 22 

regional changes in sea level of the Indian Ocean and potential coastal flooding impacts under 23 

global warming. Various interpolation methods are evaluated to predict values at locations where 24 

data is unavailable. The radial basis function is identified as the most optimal interpolation 25 

method and is then used to analyze the spatial patterns of sea level changes. Our findings reveal 26 

that Bangladesh, Seychelles, and Cocos (Keeling) Islands located in the Indian Ocean have 27 

relatively high rates of sea level rise. And the coastal flooding impacts are then examined 28 

through flood inundation mapping for the three regions of Bangladesh, Seychelles, and Cocos 29 

(Keeling) Islands. In addition, relationships between regional factors and sea level rise are also 30 

investigated through regression analysis. Our findings indicate that sea surface temperature is a 31 

dominant factor affecting sea level rise. Furthermore, vertical land motion has a considerable 32 

impact on sea level rise and a subsidence of land can lead to an increase in the rates of sea level 33 

rise. Specifically, a strong relationship between air temperature and sea level rise exists in 34 

Bangladesh. For the regions of Seychelles and Cocos Islands, land subsidence plays a key role in 35 

contributing to regional sea level rise in addition to air temperature.  36 

 37 

Keywords: Flooding; Indian Ocean; Interpolation; Inundation mapping; Sea level 38 
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1. Introduction 42 

Historical sea level records from warm periods during the last 3 million years indicate that 43 

the global mean sea level has exceeded 5 meters above the present day scenario. Recent trends of 44 

thinning of glaciers such as Greenland and Antarctic Ice Sheets have raised a growing concern 45 

(Gornitz, 2013). The contribution made by these two ice sheets has greatly increased since the 46 

1990s due to increased outflow caused warming of immediate adjacent oceans. Global sea level 47 

has risen during the past few decades as a consequence of thermal expansion of warming oceans 48 

and addition of freshwater from melting continental ice sheets (Han et al., 2010). Thermal 49 

expansion is one of the dominant factors in sea level rise and is a consequence of sea surface 50 

temperature (Pramanik et al., 2015). This is due to the ability of water molecules to absorb 51 

energy and undergo random kinetic motions thereby increasing volume of water occupied. There 52 

are many signs, indeed, that the regional sea level trend perturbs the millions of people that live 53 

along the coastal regions. Therefore, there is a need for assessing coastal flood risks in a 54 

changing climate in order to better prepare for future impacts of sea level rise and to protect our 55 

lands from turning into a water world.   56 

Sea level changes are not uniform globally (Church et al., 2004; Hay et al., 2015; Merrifield 57 

et al., 2016). Regional sea level changes can be affected by oceanic and atmospheric circulation 58 

and other factors that can alter sea surface heights. In addition, there are a variety of factors that 59 

can cause vertical land movements such as sediment compaction, the compaction caused by 60 

groundwater extraction and other geological processes related to plate tectonics and Earth 61 

movements. Localized vertical land motions (VLM) have a significant impact on regional sea 62 

level changes. The downward VLM (land subsidence) and the upward VLM (land uplift) can 63 

cause a rise or fall in sea levels (Sweet et al., 2017).  64 
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The Indian Ocean has been warming faster than other oceans. And the in-situ hydrographic 65 

records have proven that the Pacific Ocean is likely responsible for the decrease in the ocean heat 66 

content of the Pacific over the past few decades. The heat originally stored in the Pacific is being 67 

transported to the Indian Ocean by the Indonesian throughflow. Han et al. (2010) revealed that 68 

anthropogenic warming effects on the Indo-Pacific ocean pool can result in sea level variations 69 

and changes in atmospheric circulation by using ocean circulation modes (The Hybrid 70 

Coordinate Ocean Model and the Parallel Ocean Program). The entire Indian Ocean has been 71 

undergoing warming for the past century. From 1901 to 2002, the western sea surface 72 

temperature has been increasing at a greater rate as compared to other parts of the Indian Ocean 73 

(Roxy et al., 2014). According to the National Centre for Antarctic and Ocean Research 74 

(Ravichandran, 2017), the sea levels in the Indian Ocean are almost double than the global mean. 75 

Ravichandran (2017) also stated that the rise in sea levels in other oceans were mostly due to 76 

melting of glaciers, but the cause for rising sea levels in the Indian Ocean were due to thermal 77 

expansion of water. Due to the location of the Indian Ocean, wind and heat play a dominant role 78 

in this region whereas melting of ice caps and glaciers are a negligible occurrence. 79 

Sea level rise hits the coasts the hardest, especially the low-lying areas which are populated 80 

by millions in certain parts of the globe (Khan et al., 2000; Qin et al., 2014). It has already 81 

caused floods and devastating storms that have impacted many lives over the recent years. 82 

Regional sea level rise can vary from place to place depending on many factors such as ocean 83 

winds, temperatures, and land motions. Global warming has led to an accelerated sea level rise 84 

especially in the northern parts of the Indian Ocean according to recent studies made by Indian 85 

scientists. Due to changing wind speeds and distribution of heat, certain parts of the Indian 86 

Ocean north of the equator have experienced an increase in sea level rise (Thompson et al., 87 
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2016). As an evolving issue in a changing climate, it is necessary to assess the impacts of sea 88 

level rise and to highlight those regions of the world which are highly prone to its consequences. 89 

 The objective of this study is to examine the Indian Ocean sea level changes over the last 90 

80 years and potential coastal flooding impacts under global warming. A comparison of spatial 91 

interpolation methods will be conducted to generate spatial patterns of sea level changes in the 92 

Indian Ocean. Coastal flooding impact areas will then be delineated through the inundation 93 

mapping for countries that have relatively high rates of sea level rise. Relationships between 94 

regional factors and sea level rise as well as their contributions to sea level changes will also be 95 

investigated through regression analysis.  96 

 97 

2. Case study, data, and methodology 98 

2.1. Study area 99 

The Indian Ocean is the world’s third largest ocean lying between latitudes 30°N to 35°S 100 

and longitudes 20°E to 140°E. Home to many tropical low-lying islands, the Indian Ocean 101 

covers an area of 70,560,000 km2 including the Red Sea and the Persian Gulf. The average depth 102 

is 3,890 meters where the deepest point is the Diamantina Trench at 8,047 meters deep. The 103 

Indian Ocean is bounded by Iran, Pakistan, India and Bangladesh to the north; Malay Peninsula, 104 

Sunda Islands of Indonesia and eastern Australia to the east; Antarctica to the South and Africa 105 

and the Arabian Peninsula on the west. Notable mention of marginal seas includes Red Sea and 106 

Persian Gulf in the north, the Arabian Sea in the northwest and the Andaman Sea in the 107 

northeast. Gulfs in the Indian Ocean are the Gulf of Aden and Oman in the northwest, Bay of 108 

Bengal in the northeast and the Great Australian Bright which is off the Southern coast of 109 

Australia. Fig. 1 shows the study area with the locations of tide gauge stations. 110 
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 111 

--------------------------- 112 

Place Fig. 1 here 113 

--------------------------- 114 

 115 

One of the most damaging impacts of climate change is sea level rise. Since 160 million 116 

people currently live in coastal regions that are less than 1 m above sea level, a small magnitude 117 

of rise in sea levels can pose significant threats to human population and damage infrastructure 118 

near the coastlines. In this study, spatial patterns of sea level changes were analyzed and 119 

potential coastal flooding impacts were then examined by using inundation maps for the 120 

countries that had relatively high rates of sea level rise.   121 

2.2. Data collection 122 

Tide gauge data has not been used to assess sea level changes in the Indian Ocean, which 123 

brings more attention to this study. Unlike satellites that were launched in the mid 1990’s, the 124 

use of tide gauges provided an idea of long-term historical changes in sea level. Coastal ocean 125 

tide gauge time series contain unique information about historical basin-scale variability as well 126 

as information about global sea level rise (Chepurin et al., 2014). Used in harbor operations, the 127 

tide gauge data facilitates studying phenomena in the supra-hourly range with useful applications 128 

in storm surge and tsunami monitoring (Míguez et al., 2012). Thus, this study used historical 129 

data provided by tide gauges in assessing the changes in sea level in the Indian Ocean. Due to 130 

their sparse distribution along the countries, data were chosen based on two factors including 131 

data availability (i.e. long-term time series) and minimal gaps in data collected. 132 
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Tide gauge records from the data archive of the Permanent Service for Mean Sea Level 133 

(PSMSL) Revised Local Reference (RLR) were used in this study. The PSMSL contains 134 

monthly and annual mean values of more than 2000 tide gauge stations distributed around the 135 

world. The data is received by national authorities who are responsible for monitoring sea level 136 

changes for particular countries or regions. Constructing time series of the sea level 137 

measurements at each station requires monthly and annual means be reduced to a common 138 

datum. This reduction was performed by making use of the tide gauge datum history provided by 139 

the supplying authorities. The RLR datum at each station is defined to be approximately 7,000 140 

mm below mean sea level, and an arbitrary choice is made so as to avoid negative values in the 141 

datasets. Since the primary focus is on sea level time series analysis, no GIA corrections have 142 

been performed. 143 

Sea surface temperature (SST) data was obtained from the National Oceanic and 144 

Atmospheric Administration (NOAA) with the Optimum Interpolation (OI) produced on a one-145 

degree grid. The SST analysis dataset uses in situ (sensors on ships and buoys) and satellite SSTs 146 

as well as SSTs simulated by sea ice cover. The NOAA OI SST V.2 dataset used in this analysis 147 

is the new version in which improvements on the simulations of SST observations of ice data are 148 

carried out with the help of the UK Met Office. Air temperature is another factor considered in 149 

this study, we analyzed the relationship between air temperature and sea level rise. The air 150 

temperature data was acquired from the Climate Change Knowledge Portal website as part of the 151 

World Bank Group. This website provides a wide range of information on climate change around 152 

the world. This portal was designed to help policy makers and practitioners in using scientific 153 

information to make informed decisions and provide valuable information to the end users for 154 

projects and research.  155 
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Along any coast, VLM of the sea or the land can cause variations in sea level relative to 156 

land. Coastal subsidence and uplift can aggravate the problem of sea level rise, and measuring 157 

VLM is fundamental key in coastal flood risk management and estimating the needs of the 158 

ecosystems worldwide. To measure VLM on the Earth, GPS stations, satellite altimetry, and tide 159 

gages spanning the entire globe located between 66°N and 66°S can provide easily accessible 160 

data for climatological studies. Tide gauges measure sea level relative to the Earth’s crust and 161 

thus the measurements are affected by VLM. Satellite altimetry measurements are generally 162 

independent; the sea level measured is with respect to the geocenter and is thus independent of 163 

VLM. VLM is contained in the long-term component of the difference between satellite 164 

altimetry and tide gauge sea level height measurements and is indicated as “Altimetry – Tide 165 

Gauge” or “ALT-TG” (Fenoglio et al., 2010).  166 

In this study, altimetry data were used to explore VLM in the areas with the highest rates of 167 

sea level rise. The satellite altimetry data is defined as the Global MSLA heights in delayed time 168 

(“all sat merged”) and is provided by AVISO. Further information about the Altimetry 169 

measurements can be obtained from SONEL (www.sonel.org) data service. 170 

2.3. Spatial interpolation methods 171 

Tide gauge data collected from stations can help better understand the current trends in sea 172 

level change. Tide gauge stations are instruments connected to the Earth’s surface which 173 

measure local variations in relative sea level (Slangen et al., 2014). However, tide gauge stations 174 

are unevenly distributed around the globe, thereby resulting in large gaps and difficulties in 175 

performing spatial analysis. As a result, spatial interpolation techniques are essential for creating 176 

a continuous surface from sampled point values (Wang et al., 2014, 2015). In the past, a variety 177 

of interpolation methods were tested and used to map climate variables. For example, Agnew 178 
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and Palutikof (2000) developed a geographic information system (GIS) based method for 179 

creating high-resolution maps of mean seasonal temperatures and precipitation in the 180 

Mediterranean Basin. Keskin et al. (2015) mapped precipitation, wind speed, and temperature in 181 

a GIS environment in Turkey. The GIS-based interpolation techniques have been recognized as 182 

the robust means to create continuous surfaces from point data. Since spatial interpolation 183 

methods are data-specific or variable-specific, there is no best choice among the GIS-based 184 

interpolation methods available. The best option of interpolation methods in a particular case can 185 

be obtained by comparing their performance.  186 

In this study, we compared all GIS-based interpolation methods for creating sea level 187 

change surfaces over the Indian Ocean, including inverse distance weighting (IDW), local 188 

polynomial interpolation (LPI), global polynomial interpolation (GPI), radial basis function 189 

(RBF), ordinary Kriging (OK) and universal Kriging (UK).They can be divided into two groups, 190 

including deterministic and geostatistical techniques. The deterministic interpolation methods 191 

(i.e. IDW, LPI, GPI and RBF) create continuous surfaces from measured points based on 192 

mathematical formulae to determine the extent of similarity or degree of smoothing, while the 193 

geostatistical interpolation methods (i.e. OK and UK) use statistical models based on measured 194 

points. Deterministic interpolation methods can either force the resulting surface to pass through 195 

a given set of data points or not. Geostatistical methods use both mathematical and statistical 196 

models to predict the values within the given area of interest and provide probabilistic estimates 197 

of the interpolation quality based on the spatial autocorrelation among the points. Details for 198 

each of these interpolation methods are provided as follows.  199 

 200 

 201 
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2.3.1. IDW method 202 

The IDW method is used when the density of sampled points is high enough to capture the 203 

extent of the surface variations needed for spatial analysis. It is based on the principle that the 204 

sampled values closer to the prediction location have a greater influence on the prediction value 205 

as compared to sampled values which are further apart. A higher power assigns more weight to 206 

closer points, resulting in less smoother surfaces. Contrarily, a lower power assigns a low weight 207 

to closer points, resulting in a smoother surface. The IDW specifically relies on the First Law of 208 

Geography. The formula for the IDW is given below: 209 
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where Z is the predicted value of the interpolation point; Zi is the value of the sampling point i 211 

(i=1, 2, 3 …n); n is the number of sample points; di is the distance between known and unknown 212 

sample points; p is the power parameter which is a real positive number. 213 

2.3.2. GPI method 214 

The GPI uses a mathematical function (a polynomial) to fit a smooth surface over sample 215 

points. In contrast to the IDW, the GPI makes predictions using the entire dataset instead of 216 

using the measured points within neighborhoods. A first-order global polynomial can fit a single 217 

plane through given data. And a second-order polynomial creates a bended surface. It should be 218 

noted that complex polynomials may result in difficulties in representing physical meanings 219 

(ESRI, 2007). In addition, a single global polynomial may not be able to fit a surface with 220 

varying shape (e.g., slope variations), and thus multiple polynomial planes are more desirable to 221 

create the continuous surface. 222 

2.3.3. LPI method 223 
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Unlike the GPI, the LPI method fits specific order polynomials using all available points 224 

within a given neighborhood. The overlapping of neighborhoods suggests that the value of the 225 

fitted polynomial at the centre of the neighborhood is estimated as the predicted value. The LPI 226 

method is sensitive to the neighborhood distance. In comparison, the LPI is capable of producing 227 

surfaces that highlight the short-range variations whereas the GPI is used to identify long-term 228 

trends in the dataset.    229 

2.3.4. RBF method 230 

By using the RBF method, the generated surface passes through every measured value and 231 

minimizes the total curvature of the surface. Different from the GPI and the LPI methods which 232 

are inexact interpolators, the RBF method is an exact interpolator that requires the surface to pass 233 

through given points. In contrary to the IDW method, the RBF can predict the values above the 234 

maximum and below the minimum values. It is often used to create surfaces for a large number 235 

of data points (ESRI, 2007). 236 

2.3.5. OK method 237 

Compared with the above-mentioned deterministic interpolation methods, the OK method is 238 

a statistical method in which the estimates are less biased with minimum variance 239 

becausepredictions are accompanied by standard errors (quantification of uncertainty in 240 

predicted values). The OK method also takes into account spatial autocorrelations and statistical 241 

relationships between measured points (Wang et al., 2014). It assumes that the unknown mean is 242 

constant and estimates the predicted value by focusing on spatial components that use sampling 243 

points within the local neighborhood. The OK is based on the following model: 244 

Z(s) = µ(s) + ε(s)          (2) 245 
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where Z(s) is the variable of interest; µ is an unknown constant; ε(s) is an autocorrelated error 246 

term; s indicates the location that can be identified in the form of x and y coordinates where x is 247 

longitude and y is the latitude. 248 

2.3.6. UK method 249 

The UK method is based on the assumption that a significant spatial trend in data values 250 

exists such as sloping surfaces or localized flat terrains. This is considered as a variation of the 251 

OK method that has no trend. The trends are too difficult to be modeled by a mathematical 252 

function due to its irregularity. Therefore, a stochastic approach can be used to characterize 253 

spatial variations. The UK method proves to be effective when there are discernible trends in the 254 

data with great background knowledge of spatial statistics. 255 

2.4. Cross-validation 256 

When creating a continuous surface with the point data, it is necessary to assess how well 257 

each model predicts the values at unknown locations. Thus, cross-validation can be used to 258 

evaluate and compare the performance of different interpolation techniques so as to identify the 259 

best interpolation method for creating continuous surfaces. This process involves removing each 260 

data location one at a time and predicting the associated data value. The original sample is 261 

randomly partitioned into two datasets, in which one is used to train a model and the other is 262 

used to validate the model (Wang et al., 2014, 2018). Both training and validation datasets must 263 

cross-over in consecutive rounds so that each data point can be validated against each other. The 264 

root mean square error (RMSE) is used to assess the accuracy of different interpolation methods, 265 

and it can be calculated using the following formula: 266 

2
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n

i
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z z
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where z is the predicted value; zi is the observed value at sample point i (i=1,2, ...n); n is the 268 

number of sample points. 269 

2.5. Flood inundation mapping 270 

The flood inundation mapping can be carried out by using digital elevation models (DEM) 271 

and GIS. The Shuttle Radar Topography Mission (SRTM) DEM with a spatial resolution of 272 

approximately 30 m was used in this study. This mission was flown aboard the space shuttle 273 

Endeavour in February, 2000, and collected radar data spanning over 80% of the Earth’s surface 274 

between 60°N and 56°N latitudes with data points posted every 1-arc second (approximately 30 275 

meters). Bathtub models were used to identify areas that might be subjected to sea level rise. The 276 

model assumes that areas with an elevation lessthan a projected flood level will be flooded, 277 

which is similar to a “bathtub” (Yunus et al., 2016).  278 

 The bathtub models have been extensively used by many governmental organizations 279 

such as counties and municipalities to determine coastal vulnerability to flooding due to the ease 280 

of access of data. The flooded areas can be determined through simulations in a GIS environment 281 

wherein the elevation in each cell of the raster DEM is compared with the projected sea level and 282 

those cells with an elevation below the projected value of sea level are considered to be flooded. 283 

2.6. Regression analysis 284 

Regression analysis is useful in making predictions. The regression model can be used to 285 

identify if there exists a statistical relationship, if any, between given variables in a dataset. To 286 

understand potential relationships between SST, air temperature and VLM in changing sea 287 

levels, a regression model was created based on the Wilkinson notation, and the formula is given 288 

as follows: 289 

SL = β0 + β1X1 + β2X2 + β3X3         (4) 290 
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where SL represents sea level above datum, X1 = SST, X2 = Air Temp, and X3 = VLM. Eq. (4) 291 

can thus be re-written as: 292 

SL = β0 + β1 (SST) + β2 (Air Temp) + β3 (VLM)       (5) 293 

When the SL value is obtained by using Eq. (5), the change in sea level (∆SL) can be 294 

derived as follows:  295 

∆SL = Present PastSL SL

n


         (6) 296 

where ∆SL represents the rate of change in sea level; SLPresent represents the present SL value; 297 

SLPast represents the past SL value; n is the time period. The rates of changes in sea level at 298 

different stations can be mapped by using ArcGIS. 299 

 300 

3. Results and discussions 301 

3.1. Comparison of interpolation methods for spatial analysis of sea level changes 302 

On the basis of the tide gauge data, six GIS-based interpolation techniques namely IDW, 303 

GPI, LPI, RBF, UK and OK were evaluated in this study to generate the spatial patterns of sea 304 

level changes. Fig. 2 reveals that the IDW and RBF methods nearly produce a similar map of 305 

spatial patterns in sea level rise. This can be due to the fact that they are exact interpolators. 306 

Interpolation techniques can be exact or inexact interpolators. Exact interpolators generate 307 

surfaces that pass through the control points whereas inexact interpolators predict values at 308 

locations which can differ from the known value. The raster surfaces created by exact 309 

interpolators can be similar but are different from those created by inexact interpolators. 310 

However, there is a considerable spatial difference between the surfaces generated by GPI and 311 

LPI which are inexact interpolators. The possible reason for this difference can be due to the face 312 

that LPI method is known to work well for gridded values. The GPI method uses a single 313 
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mathematical function for the entire dataset and thus a change in a single value has a significant 314 

effect on the map. On the other hand, the LPI method applies mathematical functions to smaller 315 

“local” subsets of the entire dataset. Therefore, a change in any value affects the result within the 316 

specified window of data points. Also, it can be seen that the OK method has the smallest range 317 

while the LPI method has the largest range of values. 318 

 319 

--------------------------- 320 

Place Fig. 2 here 321 

--------------------------- 322 

 323 

The interpolation results were also compared against each other based on the RMSE values 324 

obtained through cross-validation. As shown in Table 1, the derived RMSE values for different 325 

interpolation methods follow the following order: RBF < UK = OK < LPI < GPI < IDW. This 326 

indicates that the RBF method has the lowest RMSE and is thus the most optimal method that 327 

can be used to understand the spatial patterns of sea level rise. The geostatistical methods of UK 328 

and OK also perform well in terms of the RMSE values. A common visual pattern observed in 329 

all six methods is the low rates of sea level rise along the western coast of Australia. On the 330 

contrary, the higher rates of sea level rise patterns are observed in Bangladesh (Southern Asia). 331 

The regions with the high rates of increase in sea level were further explored in this study.  332 

By using the RBF interpolation method, we performed spatial analysis of sea level change 333 

patterns. In Fig. 3, it can be seen that the countries lying in northeastern and central parts of the 334 

Indian Ocean are facing higher threats of sea level rise. Countries in Indonesia, Middle East and 335 

India also face a moderate risk of sea level rise. In comparison, the western coast of Australia is 336 
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found to have the least rise in sea level. Thus, the regions that are facing greater increases in 337 

coastal sea level rise include Bangladesh (Southern Asia), Seychelles (Africa), and Cocos 338 

(Keeling) Islands.   339 

 340 

------------------------------------- 341 

Place Table 1 and Fig. 3 here 342 

------------------------------------- 343 

 344 

3.2. Relationships between regional variables and sea level changes 345 

 Due to the unavailability of ALT-TG for land movements in Bangladesh, it was 346 

impossible to carry out regression analysis as per the given methodology. However, regression 347 

models were created to determine potential relationships between sea level with SST and air 348 

temperature at different tide gauge stations in Bangladesh. For Cox’s Bazaar, the regression 349 

model is created as: 350 

SL = 4942.8 + 13.167 (SST) + 65.024 (Air Temp)      (7)  351 

Eq. (7) indicates that both SST and air temperature have a positive relationship with sea level 352 

rise. In other words, an increase in SST and air temperature causes an increase in sea level at 353 

Cox’s Bazaar. For Hiron Point, the regression model is generated as: 354 

SL = 6594.3 – 15.355 (SST) + 34.703 (Air Temp)      (8) 355 

Eq. (8) indicates that air temperature has a larger effect on sea level rise as compared to SST at 356 

Hiron Point. An increase in air temperatures causes an increase in sea level while a decrease in 357 

SST causes sea level to rise. For Chittagong, the regression model is derived as: 358 

SL = 3010.1 – 3.270 (SST) + 159.42 (Air Temp)      (9) 359 
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Eq. (9) highlights a similar relationship with sea level at Hiron Point. An increase in air 360 

temperature causes an increase in sea level at Chittagong while the SST appears to have an 361 

inverse relationship. For Khepupara, the regression model is obtained as: 362 

SL = 10279 – 157.98 (SST) + 43.286 (Air Temp)      (10) 363 

Eq. (10) indicates that the air temperature and sea level have a positive relationship whereas an 364 

increase in SST shows a decrease in sea level (inverse relationship). Attention should be paid to 365 

the anomalies (i.e. relationships between SST and sea level) observed at Hiron Point, Chittagong 366 

and Khepupara. Future studies will thus be undertaken with in-situ measurements.  367 

By using the SST, air temperature and ALT-TG values, a regression model was created to 368 

predict sea level trends at the tide gauge station in Seychelles. The regression model is given as: 369 

SL = 8477.6 + 39.134 (SST) + 128.31 (Air Temp) – 0.86 (VLM)    (11) 370 

Eq. (11) indicates that an increase in SST and air temperature can lead to an increase in sea level. 371 

As for land motions, the downward motion or subsidence of land can lead to an increase in sea 372 

level above the datum. Similarly, for Cocos (Keeling) Islands, the regression model is created as: 373 

SL = 22011 – 25.93 (SST) + 37.86 (Air Temp) – 2.174 (VLM)    (12) 374 

Eq. (12) shows a different relationship as compared to that for the tide gauge station in 375 

Seychelles (i.e. there seem to be an inverse relationship between SST and sea level, possibly 376 

indicating that the SST has a negligible effect on sea level). This is generally not the case of 377 

regional sea level rise in the real world. Thus, further studies need to be carried out to examine 378 

the validity and accuracy of the relationship between SST and sea level rise at Cocos (Keeling) 379 

Islands. 380 

3.3. Temporal variations in sea level and consequent impacts on coastal flooding  381 



18 
 

Sea level rise is a big concern due to its damaging impacts on coastal regions and is 382 

considered the most significant effect on coastal flooding. Thus, the sea level trends measured by 383 

tide gauges and the consequent impacts on coastal flooding were examined in this study for the 384 

three regions of Bangladesh, Seychelles and Cocos Islands with the highest rates of sea level 385 

rise. 386 

Bangladesh is a low-lying and densely populated riverine country, which is one of the 387 

world’s most flood-prone countries. Most of the region in Bangladesh is covered by the Ganges-388 

Brahmaputra delta and is rich in fertile flat land due to its proximity to the coast. The country has 389 

700 rivers and 8,046 km of inland waterways and is home to the Sundarbans which is the largest 390 

mangrove forest in the world. Most places have elevations of less than 10 meters above the sea 391 

level while the southern coastal regions are relatively flat lands which are generally at the sea 392 

level. Climate change takes a huge toll on the country. Heavy rain falls, flooding, tidal bores and 393 

storm surges ravage the country and its coastline every year. Annual monsoon flooding results in 394 

loss of human life, property damage shortage of drinking water and spread of diseases.  395 

In this study, tide gauge data from four stations were used to identify the sea level trends in 396 

Bangladesh. Fig. 4 shows the increasing trends in sea level at four stations located along the 397 

coastlines of Bangladesh. All stations seem to have a positive sea level rise based on the 398 

historical data. At Cox’s Bazaar, the sea level appears to rise at the rate of 3.57 mm/year. 399 

Between the period from 1982 to 1990, there is a sharp increase in the sea level. At Hiron Point, 400 

the sea level rises by 6.1 mm/year. This increase is the slowest out of the four stations where 401 

there is a low change between the years from 1984 to 1999. At Chittagong, the rate of sea level 402 

rise is 9.47 mm/year and is characterized by highs and lows in the measurement period. 403 

Khepupara experiences a sea level rise of 17.90 mm/year which is the highest of the four 404 
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stations. It can be seen that the trend continues to increase every year. The sea level rise at 405 

Khepupara and Hiron Point is due to its location on the Ganges-Brahmaputra-Meghna (GBM) 406 

river delta and therefore is prone to subsidence which is a probable factor for sea level rise.  407 

A flood inundation map can be produced based on the fact that the average sea level rise 408 

derived from tide gauge measurements is approximately 9.2 mm/year in Bangladesh. Based on 409 

the current trend of sea level rise, the inundated area is 1531.37 km2 which accounts for 410 

approximately 1.03% of the total land area of Bangladesh (Fig. 5). Besides the flooding from 411 

rivers, certain regions are also likely to suffer from floods under the current scenario. As shown 412 

in Fig. 6, the inundated area will be 3515.3 km2 which accounts for approximately 2.38% of the 413 

total area of Bangladesh if the sea level rises by 1 meter. For the western region of Bangladesh, a 414 

rise of 1 meter in sea level can cause flooding problems for the coastline in the west. In addition, 415 

the deltaic regions are also prone to flooding as indicated by “blue areas”. It should be noted that 416 

there is no large difference in the flooding areas generated under current and future scenarios 417 

because a majority of coastal areas in Bangladesh is within 1 ~ 2 meter above sea level.  418 

 419 

----------------------------- 420 

Place Figs. 4−6 here 421 

----------------------------- 422 

 423 

Figs. 7 and 8 compare the temporal changes in sea level with sea surface temperature and 424 

air temperature at four tide gauge stations in Seychelles. Seychelles is a sovereign Africa state in 425 

the Indian Ocean off the west coast of Africa. Seychelles contains about 115 islands that cover a 426 

total area of 459 km2. This country has a population of 87,000 of which 90% live on Mahé. The 427 
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climate is mostly humid and is classified as tropical rainforest by the Köppen-Geiger system. 428 

There is a small variation in temperature throughout the year. Temperature on Mahé varies from 429 

24 to 30°C with average rainfall of 3,300 mm. Tourism and fishing are the main industries with 430 

light manufacturing and service sectors also contributing to the industrial economy. Sea level rise 431 

can have a significant effect on these industries. Coral islands and other reef ecosystems are in 432 

great danger of damaging by sea level rise due to light conditions and thereby can affect the coral 433 

growth. Rising sea level can cause erosion and thereby a greater frequency of landslides on the 434 

hill slopes of the granitic islands. In addition, beaches are threatened by flooding, thereby 435 

increasing the risk of contaminating groundwater and other aquifer systems. Fig. 9 shows that 436 

Mahé experiences a sea level rise at the rate of 5.19 mm/year. A linear curve fitting was applied 437 

to accommodate gaps in the data.  438 

For the inundation mapping of Seychelles, Mahé is the primary concern because it is the 439 

main island with a larger population and land area. As shown in Fig. 10, the inundated area is 440 

3.463 km2 which accounts for about 0.68 % of the total land area. It can be seen that the 441 

northeastern and eastern coasts of Mahé are prone to flooding. If the sea level rises by 1 meter, 442 

the inundated area will be 7.28 km2 which accounts for approximately 1.5% of the total area of 443 

Seychelles (Fig. 11). Figs. 12 and 13 compare the temporal changes in sea level with SST and air 444 

temperature. Fig. 14 shows the VLM observed at Mahé by using the ALT-TG data. It reveals 445 

that the land underwent uplift and subsidence during the period from 1990 to 2012 with notable 446 

subsidence between 1999 to 2006. And the region is undergoing subsidence at the rate of 1.55 ± 447 

0.21 mm/year. 448 

 449 

 450 
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----------------------------- 451 

Place Figs. 7−14 here 452 

----------------------------- 453 

 454 

 The Cocos (Keeling) Islands are a group of low-lying atolls with an area of 14.2 km2 in 455 

the Indian Ocean off the coast of Perth, Australia. The Australia territory harbors a coastline of 456 

26 km and is covered with coconut palms and other vegetation. The population is estimated to be 457 

about 600. Pleasant climate prevails and is moderated by the southeast trade winds for nine 458 

months of the year with moderate rainfall. Tropical cyclones are known to occur during the early 459 

months of the year. Owing to its position midway between the Equator and the Tropic of 460 

Capricorn, the climate is characterized as tropical monsoon type by the Köppen classification 461 

system. 462 

In Fig. 15, the rate of rise in sea level is 5.347 mm/year. Based on the current trend of sea 463 

level rise at Cocos Islands by using tide gauge data, the inundated area is 1.288 km2 which 464 

accounts for about 9.14 % of the land area. In Fig. 16, it can be seen that the entire coastline is at 465 

risk of flooding. And an area in the southern part of the island can be greatly affected by the 466 

current sea level trend. In Fig. 17, the inundated area will be 1.63 km2 which accounts for 467 

approximately 11.6% of the total area of Cocos Islands if the sea level rises by 1 meter in the 468 

future. Certain parts of the island in the west are prone to flooding under the scenario of 1-meter 469 

rise in sea level. Figs. 18 and 19 compare the temporal changes in sea level with SST and air 470 

temperature. And Fig. 20 shows the VLM observed at Cocos (Keeling) Islands. From 1993 to 471 

2015, the land underwent subsidence with relatively high subsidence occurring during the period 472 

of 1999 to 2004. The land is undergoing subsidence at the rate of 3.89 ± 0.14 mm/year. 473 
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 474 

----------------------------- 475 

Place Figs. 15−20 here 476 

----------------------------- 477 

 478 

4. Conclusions 479 

 In this study, we examine regional changes in sea level of the Indian Ocean and the 480 

consequent impacts on coastal flooding in a changing climate. Various interpolation methods are 481 

evaluated and compared to generate spatial patterns of sea level changes through cross-482 

validation. The RBF interpolation method is identified as the optimal one with the smallest 483 

RMSE value, which is thus used to perform spatial analysis of sea level changes in the Indian 484 

Ocean. The regions with relatively high sea level rise and their impacts on coastal flooding are 485 

further investigated through regression analysis and inundation mapping. 486 

Our findings reveal that Bangladesh, Seychelles, and Cocos (Keeling) Islands located in the 487 

Indian Ocean have relatively high rates of sea level rise. SST is a dominant factor affecting 488 

regional sea level rise. Moreover, VLM has a considerable impact on sea level rise and a 489 

subsidence of land can lead to an increase in the rates of sea level rise. Specifically, the 490 

inundated area is 1531.37 km2 that accounts for approximately 1.03% of the total land area of 491 

Bangladesh based on the current trend of sea level rise. And the inundated area will become 492 

3515.3 km2 that accounts for approximately 2.38% of the total land area if the sea level rises by 1 493 

meter in the future. For the region of Seychelles, the inundated area is 3.463 km2 that accounts 494 

for about 0.68 % of the total land area under the current scenario. And the northeastern and 495 

eastern coasts of Mahé are prone to flooding. If the sea level rises by 1 meter, the inundated area 496 
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will become 7.28 km2 that accounts for approximately 1.5% of the total area of Seychelles. In 497 

addition, land subsidence has a considerable impact on sea level rise in Seychelles. And the 498 

region is undergoing subsidence at the rate of 1.55 ± 0.21 mm/year. At Cocos Islands, the 499 

inundated area is 1.288 km2 that accounts for about 9.14 % of the land area under the current 500 

scenario. The inundated area will become 1.63 km2 that accounts for approximately 11.6% of the 501 

total area of Cocos Islands if the sea level rises by 1 meter in the future. And certain parts of the 502 

island in the west are prone to flooding under the future scenario. Moreover, the land is 503 

undergoing subsidence at the rate of 3.89 ± 0.14 mm/year at Cocos Islands. 504 

Since the flood inundation maps were produced based on standard “bathtub” model which 505 

did not take into account the dynamic nature of coastal flooding, future studies will be 506 

undertaken to perform dynamic coastal flooding simulations in order to improve the accuracy of 507 

flood impact assessment. In addition to tide gauge data used in this study, other types of data 508 

such as satellite imagery and LiDAR data should also be used in future studies to enhance the 509 

reliability of spatial analysis of seal level changes.  510 
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