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Executive Summary

This report of the HELIX, provides details of the results obtained from the impact studies deriving by the high end
climate change scenarios at a regional scale in the South Asia focusing India and Bangladesh. Climate change
impacts assessments are presented for the Ganga and Brahmaputra river basins using the SWAT hydrological
model. Preliminary projections of changes in crop yield and Himalayan glacier surface mass balance within the
JULES model are also presented. As coastal Bangladesh is a flat delta within an elevation up to 5m, impact of sea
level rise on the coastal cyclones and storm surges are assessed to assess the future vulnerability.

Extreme flows and water availability of the Brahmaputra River
The recently reached Paris Agreement at the 21st Conference of the Parties (COP21) of the United Nations
Framework Convention on Climate Change (UNFCCC) in 2015 included a goal of pursuing efforts to limit the global
warming at 1.5°C. Following this, the Intergovernmental Panel on Climate Change (IPCC) has accepted an invitation
by the UNFCCC to create a special report in 2018 which will include the impacts of 1.5°C global warming on various
Earth systems. It is therefore a priority now for the scientific community to quantify these impacts at regional
scales. As a contribution to this effort, this study assessed the impacts of 1.5°C and 2°C global warming on the
extreme flows and water availability of the Brahmaputra River, which is both an essential source of freshwater for
its lowermost-riparian Bangladesh and also an unavoidable source of disastrous floods. Future flows were
simulated with the Soil and Water Assessment Tool (SWAT) and bias-corrected weather data of an ensemble of 11
climate projections from the Coordinated Regional Climate Downscaling Experiment (CORDEX). Results indicate
that floods are expected to be more frequent and flood magnitudes to be greater at 2°C specific warming level
(SWL) than at 1.5°C SWL. On the contrary, low flows are expected to be less frequent and low flow values to be
higher at 2°C SWL than at 1.5°C SWL. Water availability will likely be greater at 2°C SWL than at 1.5°C SWL from
January to August. For the remaining months, water availability will likely be greater at 1.5°C SWL rather than at
2°C SWL.

Changes of temperature and rainfall under high emission pathways
A multi-model ensemble provides useful information about the uncertainty of the future changes of climate. High
emission scenarios using Representative Concentration Pathways (RCP8.5) of the 5th Phase Coupled Model Intercomparison Project (CMIP5) in the Intergovernmental Panel on Climate Change (IPCC) also aids to capture the
possible extremity of the climate change. Using the CMIP5 regional climate modeling predictions, this study
analyzes the distribution of the temperature and precipitation in Bangladesh in the recent years (1971–2000) and
in three future periods (2010-2040, 2041-2070 and 2070-2100) considering RCP 8.5 scenarios. Climate changes are
expressed in terms of 30-yr return values of annual near-surface temperature and 24-h precipitation amounts. At
the end of the century, the mean temperature increase over Bangladesh among the 11 RCMs will vary from 5.77°C
to 3.24°C. Spatial analysis of the eleven RCM model exhibited that the south-west and the south-central part of
Bangladesh will experience a greater temperature rise in the future. Possible changes in rainfall are also exhibited
both temporally and spatially. Based on the analysis of all the RCM models, a significant increase of rainfall in the
pre-monsoon and the post-monsoon period is observed. It is also evident that monsoon rainfall will not increase in
comparison with pre-monsoon season. Zonal statistics of 64 districts of Bangladesh are also conducted for the
2020s, 2050s and 2080s to find out the most exposed regions in terms of the highest rise in temperature and
changes in precipitation.

Changes of climate extremes over Bangladesh at 1.5°C, 2°C and 4°C of global warming.
Global mean temperature change is currently the de facto indicator of the climate change, even for international
negotiation. The 21st Conference of Parties (COP21) of the United Nations Framework Convention on Climate
Change (UNFCC) in 2015 adopted a global objective of holding the temperature increase to well below 2°C and
pursue efforts to limit it to 1.5°C. To scientifically understand this goal, UNFCC invited International Panel on
Climate Change (IPCC) to prepare a special report on the assessment of impact for 1.5°C global warming. It is now
up to the scientific community to quantify these impacts at regional scale. As an effort to contribute to this pursue,
this study assesses the climate extremes at 1.5, 2 and 4°C of global warming. Climate extremes are the rare events
that resides in the tail of the distribution of climate variables. This assessment is done using a subset of extreme
temperature and precipitation indices devised by Expert Team on Climate Change Detection and Indices (ETCCDI).
Using a high-resolution multi-model ensemble approach an overall increase in warm indices and decrease in cold
indices is found over Bangladesh. Rainfall shows an increase in extreme rainfall events with comparably small
change in the annual total. An increasing variability in rainfall indices is also observed at higher specific warming
levels. The increase in temperature is higher during the winter and post-monsoon season. On the other hand,
increase in the 1-day and 5-day maximum rainfall extremes are found during pre-and post-monsoon seasons.
Significant regional difference is found for almost all the rainfall indices. A combination of increase in extreme
rainfall events and consecutive dry days (CDD) is found for the northeast region which might lead towards
increasing flash floods.

Spatio-temporal Change of Drought in Bangladesh under Extreme Climate Scenario
Drought is an inconspicuous natural disaster and a common feature of the climate system. In a warmer world, the
severity and coverage of drought are expected to increase. The projection of drought is essential over an
agriculture based deltaic country in future extreme climate. This study detected changes of drought in Bangladesh
using a bias-corrected CMIP-5 multi-model projection of 11 members under a business-as-usual Representative
Concentration Pathway (RCP) 8.5 scenario. Two well-known drought indices have been explored – Standardized
Precipitation Index (SPI) and Standardized Precipitation and Evaporation Index (SPEI). SPI is a precipitation-based
index while SPEI considers climatic water balance and incorporates the effect of temperature. SPI based analysis
suggests virtually no change of the drought condition which is opposite of the expectation in a warmer climate.
SPEI based analysis, on the other hand, projected a severe drought condition under the modelled scenario. In a
warmer climate, changes in temperature will significantly increase the evapotranspiration thus increase water
demand to maintain the same state of the water availability. Seasonal variation in the pattern of the spatial
distribution is also observed. Such information can guide the policy makers and stakeholders to take informed
choices about the crisis of water that is ahead.

Changes of SLR induced inundation patterns of the GBM delta
Bangladesh is a low lying flat delta where elevation ranges from 1 m to 5 m. Global warming will cause sea level rise
(SLR) though the spatial patterns of SLR will vary. The coastal region of Bangladesh is comprised of morphologically
dynamic river network, sandy beaches and estuarine system. The interactions of huge fresh water inflows and
sediment loads coming from the upstream river system and saline waterfront penetrating inland from the sea are
the key factors for a vulnerable coastline. A widely-used flow simulation model, Delft3D, has been set up for the
complex Bangladesh delta to investigate possible permanent inundation patterns of the coastal region of
Bangladesh under different sea level rise conditions. This model has been calibrated using bathymetry data
collected from the bathymetric survey and the General Bathymetric Chart of the Oceans (GEBCO) datasets. Model

performance has been evaluated by comparing the complex errors of the phase and angle of the major tidal
constituents by harmonic analysis of the model output data and observed tidal gauge data. After validation, the
model has been run to prepare inundation maps which have been used for calculating affected areas and
population. It has been found that additional 4.3%, 8.4% and 11.32% of the coastal area will be inundated and
additional 2.5, 6 and 8 million people will be affected if sea level rise is 0.5 m, 1 m and 1.5 m, respectively. With 0.5
m, 1 m and 1.5 m sea level rise scenarios, approximately 12%, 43% and 60% of the World Largest Mangrove Forest,
the Sundarbans will be permanently inundated.

Impact of sea level rise on cyclonic storm surges in the coast of Bangladesh
Bangladesh is one of the most disaster-prone countries in the world. Almost every year, the country experiences
disasters such as tropical cyclones, storm surges, coastal erosion and floods. Tropical cyclone, the most common
and devastating extreme weather event, has become a major concern in Bangladesh. Almost every year, it
originates from the Bay of Bengal and causes devastating floods and inundations. The flood caused by surge of such
cyclones aggravates the disaster situation greatly. Hence, it isvery important to know the scenario of inundation for
such storm surge in future when sea level will rise due to global warming. In order to know the changes of
inundation pattern for such cyclones with probable sea level rise conditions in future, a widely used hydromorphological model, Delft3D, has been applied and validated for storm surge of three recent devastating cyclones
(Sidr, Aila and Roanu) in the southern coast of Bangladesh. For storm surge simulation, the tropical cyclone toolbox
of Delft Dashboard is used on the platform of Delft3D flow module. The validated model has been run to produce
inundation maps and statistics for probable sea level rise of 0.5m, 1m and 1.5m accompanied by cyclonic storm
surges like Sidr, Aila and Roanu. It has been found that probable sea level rise accompanied by strong cyclones will
inundate up to 12% (if SLR is 1.5m) of total area of Bangladesh which will affect the livelihood of nearly 11.7 million
people of Bangladesh. It will also inundate up to 75.5% of the Sundarbans and affect the ecology of the largest
mangrove forest of the world.

Impacts of climate change at the SWLs on the yield of Boro rice in Bangladesh
Limiting global mean temperature at 1.5°C is one of the goals of Paris Agreement at the 21st Conference of Parties,
COP21. Agriculture is one of the worst sufferers of this temperature rise. As rice is the staple food of Bangladesh,
the necessity to find the impacts of specific warming levels (SWL) of 1.5°C, 2°C and 4°C on the production of rice in
Bangladesh is indispensable. These impacts have been evaluated using the DSSAT 4.6 crop modeling software. The
model was calibrated using BR29 variety of Boro rice for the years 2007-2010 and validated for 2011-2014 by
comparing with the RMSE between observed and the model predicted yield of Boro rice. Baseline period of 20
years from 1986-2005 was considered while the projection is for the 20 years’ time frame, 10 years back and 10
years forth around the years of specific warming level attaining. Seven bias corrected ensembles of regional climate
models (RCMs) were used for these projections. The average yield of Boro rice for different districts will decrease
by 2100 ranging from 2% to 15%, from 5% to 20%, and from 5% to 25% at SWL of 1.5°C, 2°C and 4°C. The impact is
found negative at each SWL, reaching over 25% decrease in some regions. An increase of the yield of Boro rice is
found in the elevated CO2 emission than that in the fixed CO2 emissions. However, an increase of the yield of Boro
rice due to CO2 emission will be subsided by the decrease of the yield of Boro rice due to a rise of the temperature.

Impact on Aman rice yield in Bangladesh for climate change
Agriculture is one of the most important sectors of the world which is going to be threatened by the change of
climate, especially the rise of global mean temperature. Although the 21st conference of parties (COP21) has come

with the aim of limiting temperature to 1.5°C, the aim of limiting the temperature to 2°C and 4°C in future is of no
mere significance. Bangladesh is a country with rice as staple food and the country would have to face 55.0 million
tons of rice to meet its ever-increasing population by 2050. Aman rice covers most of the land of the country and it
grows at monsoon period. BR11 cultivar of Aman was used for the study to see the impact of global temperature
rise at specific warming levels of 1.5°C, 2°C and 4°C on its production. CERES rice model of DSSAT 4.6 was used for
the simulation, calibration and validation. The model was calibrated for the years 2007-2010 and validated for the
years 2011-2014 using RMSE as the statistical parameter. The genetic coefficients of BR11 Aman rice were
calibration parameters. 1986-2005 was taken as the baseline period, while the future projection at specific
warming levels was taken for 20 years keeping the year if attaining that temperature at middle. The historic
weather data was taken from the meteorological stations of Bangladesh while the projection was made taking
seven ensembles of Regional Climate Models of CORDEX. The soil profile has been collected from the WISE soil
database. The results show that the yield of Aman would decrease in most of the districts, reaching up to 15% at
some regions. The daily maximum and minimum temperature rise in future is indicative and has an adverse impact
on the production of Aman rice. It was evident that the regions with more increased rainfall had the less loss in
yield. The increase of the high carbon emission also increases the yield up to some limit, but it is not enough to
outrun the negative impacts of the global temperature rise. Last but not the least, the range of uncertainty in
production of Aman rice also increases as the warming level increases.

Mapping of Climate Vulnerability of the Coastal Region of Bangladesh
Coastal region of Bangladesh is highly vulnerable due to its low adaptive capacity, dense population, flat
topography and exposure to various natural disasters such as cyclone, storm surges, sea level rise, tidal floods, bank
erosion etc. In addition to present vulnerability, climate change will bring detrimental impact on socio-economic
performance, health and livelihood of the coastal population. This study has been conducted to assess
vulnerabilities of coastal region of Bangladesh by considering the IPCC framework of vulnerability studies and using
multivariate statistical techniques. A total of 31 indicators have been used of which 24 are socio-economic and 7
are natural indicators and these indicators have been retrieved from secondary source. Principal Component
Analysis (PCA) has been applied to find unequal weights of all indicators. Afterwards, 7 vulnerability groups
(Principal Components - PCs) have been retained which eigenvalue greater than one in accordance with Kaiser
Criterion. Demographic Vulnerability (PC1), Economic Vulnerability (PC2), Agricultural Vulnerability (PC3), Water
Vulnerability (PC4), Health Vulnerability (PC5), Climate Vulnerability (PC6) and Infrastructural Vulnerability (PC7)
are the principle vulnerable groups considering both present (2013) and future (2050) climate change scenarios.
Spatial maps of each group have been generated to assess the regional variation of above mentioned multispectral
vulnerability profile across the coastal region of Bangladesh. Climate change will change dramatically the future
vulnerability profile which will be alarming for agro ecological systems of that region. The findings of this study
might be useful for policy makers as well as planners.

Defining sowing and harvest dates based on the Asian Summer Monsoon
Sowing and harvest dates are a significant source of uncertainty within crop models especially for regions where
high-resolution data are unavailable or, as is the case in future climate runs, where no data are available at all.
Global datasets are not always able to distinguish when wheat is grown in tropical and sub-tropical regions, they
are also often coarse in resolution. South Asia is one such region where large spatial variation means higher
resolution datasets are needed, together with greater clarity for the timing of the main wheat growing season.
Agriculture in South Asia is closely associated with the dominating climatological phenomena, the Asian Summer
Monsoon (ASM). Rice and wheat are two highly important crops for the region, rice being mainly cultivated in the

wet season during the summer monsoon months and wheat during the dry winter. We present a method for
estimating the crop sowing and harvest dates, for rice and wheat, using the ASM onset and retreat. The aim of this
method is to provide a more accurate alternative to the global datasets of cropping calendars than are currently
available and generate input for climate impact assessments. We first demonstrate that there is skill in the model
prediction of monsoon onset and retreat for two downscaled General Circulation Models (GCMs) by comparing
modelled precipitation with observations. We then calculate and apply sowing and harvest rules for rice and wheat
for each simulation to climatological estimates of the monsoon onset and retreat for a present-day period. We
show that this method reproduces the present day sowing and harvest dates for most parts of India. Application of
the method to two future simulations demonstrates that the estimated sowing and harvest dates are successfully
modified to ensure that the growing season remains consistent with the internal model climate. The study
therefore provides a useful way of modelling potential growing season adaptations to changes in future climate.

Glacier volume projections under high-end climate change scenarios
The Paris agreement aims to hold global warming to well below 2oC and to pursue efforts to limit it to 1.5oC relative
to the pre-industrial period. One motivation for such ambitious targets is to avoid the acceleration of sea level rise
to rates that threaten low-lying regions and small islands states with substantially increased coastal inundation.
One contribution to sea level rise is the melting of glaciers, which also has important implications for water supply
in river systems where runoff from glacier melting contributes to stream flow. Here, we present glacier volume
simulations under the high-end climate change scenarios of 1.5, 2 and 4oC global average warming. Glacier volume
is modelled by modifying the Joint UK Land Environmental Simulator (JULES) to represent sub-grid scale orography.
Present day mass balance is calibrated by tuning seven model parameters and comparing modelled mass balance
profiles to observations from the World Glacier Monitoring Service. Using an ensemble of high-end climate change
scenarios from the HadGEM3 model, the model simulates mean glacier volume reductions in the South Asia West
region of 38 ± 16% for 1.5oC global average warming, 62 ± 9% for 2oC global average warming and 94 ± 1% for 4oC
global average warming, relative to present day. In South Asia East, which has smaller volumes of glaciers, the
projected losses are 68 ± 20%, 86 ± 2% and 93 ± 1% for 1.5oC, 2 oC and 4oC. However, a localised increase in glacier
mass is simulated in the Karakoram, where glaciers mass is observed to be increasing in recent glacier monitoring
records, in contrast to the glacier declines seen elsewhere. We emphasise the large uncertainty in these
projections, since some glacier characters and processes are not included in the model, such as debris cover and
rock glaciers which may substantially limit the rates of melting below those simulated in the current model.

Chapter 1 Extreme flows and water availability
of the Brahmaputra River under 1.5°C and 2°C
global warming scenarios.
Introduction
In 2015, the Paris Agreement was reached at the 21st Conference of the Parties (COP21) of the United Nations
Framework Convention on Climate Change (UNFCCC), whose goals included “holding the increase in the global
average temperature to well below 2°C above pre-industrial levels and pursuing efforts to limit the temperature
increase to 1.5°C, recognizing that this would significantly reduce the risks and impacts of climate change”
(UNFCCC 2015b). Currently, comprehensive information is lacking on the comparison of climate change impacts
due to a global mean surface air temperature (GMT) increase of 1.5°C and 2°C (UNFCCC 2015a). Furthermore,
studies that assess the impacts on water resources at river basin scales are virtually non-existent. Attention needs
to be paid in this sector as one of the major impacts of climate change will be on regional water resources and the
impacts have significant spatial variability (Arnell et al. 2016). A recently published study by Schleussner et al.
(2016) did assess the changes in total annual runoff at regional scales, but the results were presented at a coarse
resolution, e.g. percentage changes in the whole of South Asia.
The Brahmaputra River is the main source of freshwater for the climate-vulnerable country of Bangladesh. Also,
out of all the rivers of this extremely flood-prone country, the flows of the Brahmaputra River have the strongest
correlation with the extent of nation-wide flooding (Shaw et al. 2013). Existing studies on the future flows of this
river suggest that this river basin is highly sensitive to climate change and floods are likely to increase in the
future (Alam et al. 2016; Masood et al. 2015; Pervez and Henebry 2015). Considering the importance of this river
to the lifeline of Bangladesh, this study was undertaken to assess climate change impacts on the extreme flows
and water availability of the Brahmaputra River at the two different specific global warming levels mentioned in
the Paris Agreement. To the best of the authors’ knowledge, no study has yet been undertaken to assess the
differences of climate change impacts on water resources of the Brahmaputra River basin at the global warming
levels of 1.5°C and 2°C. The aim is to understand what an additional 0.5°C global warming means for the flows of
this river, which ultimately affects the water security and food security of the dependent population.

Study area
Originating at an elevation of about 5300 m above mean sea level (amsl) in southern Tibet of China, the
Brahmaputra River traverses approximately 2900 km through China, India and Bangladesh before joining the
Ganges river inside Bangladesh (Gain et al. 2011). It drains about 520,000 km2 area of China (50.5%), India
(33.6%), Bangladesh (8.1%) and Bhutan (7.8%) (Immerzeel 2008). The average annual discharge of 20,000 m3/s
makes it the fifth largest river in the world in terms of discharge (Singh et al. 2004). The physiography of the river
basin can be divided into three distinct segments. First is the Tibetan plateau with elevations above 3500 m amsl
(44.4%), second is the Himalayan belt with elevations from 100 to 3500 m amsl (28.6%) and lastly the lowland
floodplains with elevations below 100 m amsl (27%) (Gain et al. 2011). In the Tibetan plateau the climate is cold
and dry while in the lowland floodplains, the climate is warm and humid. Annual rainfall in the basin spatially
varies from 1200 mm to 6000 mm with a basin average of about 2300 mm (Nepal and Shrestha 2015). A large
temporal variability of rainfall is also observed in the basin, whereas about 60-70% of the total annual rainfall

occurs in the monsoon months of June to September and another 20-25% occurs is the pre-monsoon months of
March to May. Snowfall occurs at higher elevations above 1500 m amsl (Nepal and Shrestha 2015).

Fig. 1 Elevation (a), land use (b) and soil (c) maps of the Brahmaputra River basin. The maps were generated using
data from (a) HydroSHEDS 90 m resolution SRTM DEM, (b) GlobCover land use map and (c) FAO Digital Soil Map
of the World.

Materials and methods
Hydrological model
The Soil and Water Assessment Tool (SWAT) (Arnold et al. 1998) was used for simulating future discharges of the
Brahmaputra River. Due to its flexibility and robustness, SWAT is presently one of the most commonly used
hydrological models for investigating climate change impacts on water resources at regional scales (Gassman et
al. 2014). It is a continuous-time hydrological model operating on a daily/sub-daily time step. For this study, the
model was run at a daily time step. SWAT is physically based, semi-distributed and computationally efficient.
Detailed descriptions of the SWAT model can be found in Arnold et al (1998).

Data
Geospatial data
The hydrologically conditioned version of the Shuttle Radar Topography Mission (SRTM) digital elevation model
(DEM) of 90 m resolution from HydroSHEDS was used as topographic information of the study area (Lehner et al.
2008). The GlobCover land use map prepared by the European Space Agency for the year 2009 with a 300 m
resolution was used as land use information (Arino et al. 2008). The Digital Soil Map of the World prepared by the
Food and Agricultural Organization of the United Nations was used as soil information (FAO 1974).
Weather data
Daily time series of historical precipitation and maximum/minimum temperature of the period 2000 to 2013 were
used as meteorological input in SWAT. Daily observed precipitation and maximum/minimum temperature over
the study area were derived from the WATCH Forcing Data methodology applied to ERA-Interim data (WFDEI)
dataset (Weedon et al 2014). WFDEI data has a horizontal resolution of 0.5° (~50 km).
Observed discharge data
Observed daily discharges and river stages at the Bahadurabad gauging station of Bangladesh Water Development
Board (BWDB) (station number SW46.9L) were collected for the years 2000 to 2013. The discharges were
measured irregularly (only 14% of daily data available within the selected range of years) and therefore rating
curves were used to generate a daily time series of discharges from daily observed river stages. The rating curves
were developed for each year of the available data with partial discharge data and river stage data of concurrent
years. The general form of the rating curves used in this study is,
Q = C (h − a)𝑁

(1)

where Q = discharge, C and N = constants, h = river stage and a = river stage at which discharge is zero. A
hydrograph of the rated discharges is shown along with the limited in-situ measured discharges in Supplementary
Figure 1.

Model setup and validation
Model setup
Using the DEM of the basin, a stream network was defined in SWAT with a minimum drainage area threshold of
2600 km2. The outlet of the Brahmaputra River basin was defined at the Bahadurabad gauging station so that
simulated discharges could be compared with observed discharges of that station for calibration/validation
purposes. Considering this basin outlet, the outline of the complete basin was delineated in SWAT which has an
area of 519,695 km2. The developed SWAT model has 113 subbasins and 3387 hydrological response units (HRUs).

The Soil Conservation Service (SCS) curve number method, Hargreaves method (Hargreaves et al. 1985) and
variable storage coefficient method was chosen for estimating surface runoff volume, potential
evapotranspiration and channel routing respectively.
Calibration and validation
The available weather and discharge data were divided equally into two segments, one for calibration (20002006) and the other for validation (2007-2013). Before starting the calibration of the model, a global sensitivity
analysis was performed on 26 hydrology-related parameters of SWAT to determine the sensitivity of simulated
discharges to each of those parameters by running 200 simulations. A separate independent tool called SWATCUP (Calibration and Uncertainty Program) was used for this purpose (Abbaspour 2015). From the results of the
global sensitivity analysis, the six most sensitive parameters were chosen for performing calibration. The
Sequential Uncertainty Fitting II (SUFI-2) algorithm of SWAT-CUP was used to calibrate the model. In Table 1, the
names of all 26 parameters ranked by sensitivity, the results of the sensitivity analysis (t-stats and P-values), the
initial ranges of all the parameters over which they were allowed to vary and the calibrated parameter values of
the six most sensitive parameters are presented.
Table 1. Parameters used for calibration of SWAT model, ranked by sensitivity.
Initial parameter
range

Final
Pparameter
value Minimum Maximum
value**
value
value

Sensitivity
Parameter
ranking

t-stat

1

*CN2 (SCS runoff curve number)

7.51

0.00

-50

50

48

2

ALPHA_BNK (Baseflow alpha factor
for bank storage)

4.14

0.00

0

1

0.22

3

*SOL_AWC (Available water
capacity of the soil layer)

2.61

0.01

-50

50

-10

4

GWQMN (Threshold depth of
water in the shallow aquifer
required for return flow to occur)

-2.54

0.01

0

5000

2725.00

5

ESCO (Soil evaporation
compensation factor)

-1.81

0.08

0

1

0.19

6

GW_DELAY (Groundwater delay)

-1.35

0.18

0

500

192.50

7

EPCO (Plant uptake compensation
factor)

-1.25

0.22

0

1

1

8

*OV_N (Manning's ‘n’ value for
overland flow)

1.12

0.27

-50

50

0

9

*SOL_ALB (Moist soil albedo)

-1.02

0.31

-50

50

0

10

*SOL_K (Saturated hydraulic

-0.75

0.46

-50

50

0

conductivity)
11

ALPHA_BF (Baseflow alpha factor)

-0.74

0.46

0

1

0.048

12

GW_REVAP (Groundwater ‘revap’
coefficient)

-0.74

0.46

0.02

0.2

0.02

13

TIMP (Snow pack temperature lag
factor)

-0.72

0.47

0

1

1

14

CH_K2 (Effective hydraulic
conductivity in main channel
alluvium)

0.65

0.52

-0.01

500

0

15

*SOL_Z (Depth from soil surface to
bottom of layer)

0.63

0.54

-50

50

0

16

RCHRG_DP (Deep aquifer
percolation fraction)

0.60

0.55

0

1

0.05

17

*HRU_SLP (Average slope
steepness)

0.52

0.60

-50

50

0

18

SMFMN (Minimum melt rate for
snow during the year)

0.49

0.62

0

10

4.5

19

*SOL_BD (Moist bulk density)

0.47

0.64

-50

50

0

20

SMFMX (Maximum melt rate for
snow during year)

-0.39

0.70

0

10

4.5

21

SURLAG (Surface runoff lag time)

-0.33

0.74

1

24

4

22

*SLSUBBSN (Average slope length)

-0.30

0.76

-50

50

0

23

CH_N2 (Manning's ‘n’ value for the
main channel)

0.30

0.76

-0.01

0.3

0.014

24

SMTMP (Snow melt base
temperature)

-0.12

0.91

-5

5

0.5

25

REVAPMN (Threshold depth of
water in the shallow aquifer for
‘revap’ to occur)

0.09

0.93

0

1000

750

26

SFTMP (Snowfall temperature)

0.06

0.95

-5

5

1

*Percentage change
**First six parameters values are calibrated, the remaining are default values

P-factor and R-factor values were used in this study to serve as an indicator of the uncertainties inherent in the
calibration process. During calibration, 500 simulations were performed with the initial range of parameters as
shown in Table 1. Then an envelope called the 95 percent prediction uncertainty (95PPU) was calculated at the
2.5% and 97.5% levels of the cumulative distribution of the simulated discharges. The percentage of observed
data that is enveloped by this 95PPU is the P-factor. And the thickness of this 95PPU is the R-factor, which is
calculated by dividing the average width of the 95PPU band with the standard deviation of the simulated values.
Abbaspour et al (2015) recommends a P-factor value of >0.7 and R-factor value of <1.5 when simulating
discharges. For the model developed in this study, the P-factor and R-factor values were 0.89 and 1.14
respectively.

Climate change impact analysis
Future climate projections
An 11-member ensemble of projected daily precipitation and daily maximum/minimum temperature data was
collected from the Coordinated Regional Climate Downscaling Experiment (CORDEX) - South Asia domain
database, which contains high resolution climate data between 1971 and 2100 with a grid resolution of 0.5° (~50
km). The selection of the 11 projections was made based on availability in the database and they were generated
by a combination of eight general circulation models (GCM) and three regional climate models (RCM). Also, all the
projections were produced by forcing the corresponding GCMs with the Representative Concentration Pathway
RCP8.5 (van Vuuren et al. 2011). RCP8.5 represents continued anthropogenic greenhouse gas emissions
throughout the 21st century under a non-climate policy scenario and up until 2014, the current observed
emissions have been tracking this pathway (Friedlingstein et al. 2014; Piontek et al. 2014). The details of the
climate projections used in this study are given in Table 2.
To analyze the changes in future river discharges, two different specific warming levels (SWLs) were considered
along with the baseline period (1986-2005), which are 1.5°C and 2°C. The warming levels refer to GMT rise
relative to pre-industrial period (1861-1880). The years in which a particular SWL is crossed for a particular GCM
are shown in Table 2. The year of crossing a SWL is defined as the first time the 20-year moving average of the
GMT is above the SWL, i.e. the year indicates the middle of a 20-year period. These 20-year periods around those
crossing years were considered when assessing the different SWLs. Also shown in the table are changes in mean
annual basin-averaged precipitation in different SWLs relative to the baseline period. A large amount of variation
is seen between different projections.

Table 2. Details of climate projections used in the study.
Institute GCM

RCM
Year of crossing SWL

CSIRO

ACCESS1.0

CCAM-

Percentage change in
average annual precipitation
compared to baseline period

1.5°C

2°C

1.5°C

2°C

2034

2046

0.4

0.3

1391M
CSIRO

CCSM4.0

CCAM1391M

2016

2031

0.8

0.8

SMHI

CNRM-CERFACSCNRM-CM5

RCA4

2032

2046

5.3

10.7

CSIRO

CNRM-CM5

CCAM1391M

2019

2035

0.5

3.0

SMHI

ICHEC-EC-EARTH

RCA4

2040

2055

9.8

15.6

SMHI

IPSL-CM5A-MR

RCA4

2020

2034

11.5

15.3

SMHI

MIROC-MIROC5

RCA4

2038

2052

11.0

18.1

CSIRO

MPI-ESM-LR

CCAM1391M

2021

2040

-2.0

-2.8

MPI-CSC

MPI-M-MPI-ESM-LR

REMO2009

2034

2046

2.2

-3.3

SMHI

MPI-M-MPI-ESM-LR

RCA4

2016

2031

0.9

2.3

SMHI

NOAA-GFDL-GFDLESM2M

RCA4

2032

2046

5.9

8.9

The climate projections were bias-corrected with a multi-segment statistical bias correction (MSBC) method
(Grillakis et al. 2013) before being used to force the SWAT model. As a reference for the bias correction, the
WFDEI dataset was used. The MSBC method, which is very suitable for bias-correcting precipitation extremes,
belongs to the family of quantile mapping correction methods. The difference between this method and the
common quantile-quantile approach is that rather than using one theoretical distribution to fit the entire
cumulative density function (CDF) of the data, this method uses different instances of gamma function to fit on
multiple discrete segments of the CDF. This helps in better transferring the statistics of the reference data to the
raw RCM data.
The future discharges were simulated considering the land use and stream network to be static. Therefore, the
results of this study reflect possible changes to river discharges due to climate change only and not due to other
anthropogenic changes such as changes in land use or building of dams, reservoirs etc. within the stream
network.
Analysis of extreme discharges
Using the simulated daily discharge datasets, annual maximum/minimum discharges were extracted to analyze
their changes at 1.5°C and 2°C global warming levels compared to the baseline period. Prior to performing
frequency analysis, the extreme value series were tested for independency, stationarity and homogeneity. The
Spearman rank order serial correlation coefficient test for independence, Spearman rank order correlation
coefficient test for trend and Mann-Whitney test for homogeneity were performed. Description of these nonparametric tests are available in Pilon and Harvey (1993). The Consolidated Frequency Analysis (CFA) and Low
Flow Frequency Analysis (LFA) programs, both made available by Environment Canada (Pilon and Harvey 1993;
Pilon and Jackson 1988), were used to perform parametric frequency analysis on the annual maximum series and

the annual minimum series respectively. The probability distributions used to fit these datasets were the
Generalized Extreme Value distribution for the annual maximum series and the Weibull distribution for the
annual minimum series as these distributions are recommended for fitting such data series by several statistical
hydrology related textbooks.

Results and discussions
Calibration and validation of SWAT model
A comparison of the observed and simulated hydrographs for calibration and validation periods is shown in Figure
2. The Nash-Sutcliffe Efficiency (NSE) statistic calculated using the daily observed and simulated discharges was
found to be 0.88 and 0.82 for calibration and validation periods respectively. Similarly, the coefficient of
determination (R2) values were found to be 0.91 and 0.88 in the calibration and validation periods. It can be
noticed from Figure 2 that although the model is able to strongly capture the seasonality of the flow and
therefore showing high NSE and R2 values, the peak flows and low flows during many of the calibration/validation
years are underestimated. This is therefore a key limitation of this study.

Fig. 2 Comparison of observed and simulated hydrographs during calibration and validation periods.

Changes in extreme discharges
The return periods estimated by the parametric frequency analysis performed on the annual maximum/minimum
discharges and the basin-averaged 99th percentile of daily precipitation sums (extreme precipitation) are shown in
Figure 3. Figures 3a and 3b show an increasing uncertainty range in the extreme precipitation and maximum
discharge with higher return periods and higher SWLs. Since only one hydrological model with one set of
parameters was used to derive the discharge values, the uncertainty ranges are due to the variations in different
climate change projections.

Fig. 3 Return period curves of extreme precipitation (a), maximum discharge (b) and minimum discharge (c). The
shaded regions show the range of values estimated by the 11 climate projections. The solid lines between the
shades show the mean of the ensemble ranges.

The percentage changes of the ensemble mean at the two SWLs compared to the baseline period are shown in
Table 3 where a positive value indicates an increase. For all return periods, the ensemble mean of extreme
precipitation and maximum/minimum discharges show an increase at both SWLs and the increases are greater at
2°C SWL. Therefore, floods will likely become more frequent and flood magnitudes for different return periods
will likely be higher at 2°C SWL than at 1.5°C SWL. On the other hand, low flows are projected to become less
frequent and low flow values for different return periods are projected to be higher at 2°C SWL than at 1.5°C SWL.

Table 3 Percentage change of extreme precipitation, maximum discharge and minimum discharge for different
return periods at different SWLs compared to baseline period.
Return
period
(years)

Extreme precipitation

Maximum discharge

Minimum discharge

1.5°C

2°C

1.5°C

2°C

1.5°C

2°C

2

6

10

10

15

3

6

5

7

12

9

14

4

7

10

8

13

8

14

5

9

20

9

14

8

13

6

13

50

9

15

7

12

9

16

100

10

15

6

12

12

24

The probability density function (PDF) curves of the annual maximum/minimum discharges for the baseline
period and the two SWLs are shown in Figure 4. In both Figures 4a and 4b, the modes of the ensemble mean
curves at both SWLs increase compared to the baseline period and the increase is greater at 2°C SWL. Therefore,
the overall magnitude of floods and low flow values are likely to be higher at 2°C SWL than at 1.5°C SWL. Although
the difference between the projected changes in the PDFs of the two SWLs appear very small, the difference
between projected changes in extreme discharges with different return periods are larger, as seen in Table 3. For
instance, maximum discharges with a 100-year return period are projected to increase by 6% at 1.5°C SWL and by
12% at 2°C SWL. Similarly, minimum discharges with a 100-year return period are projected to increase by 12% at
1.5°C SWL and by 24% at 2°C SWL.

Fig. 4 Probability density function curves of the annual maximum discharges (a) and annual minimum discharges
(b). The shaded regions show the range of values estimated by the 11 climate projections. The solid lines between
the shades show the mean of the ensemble ranges.

Temporal distribution of changes in water balance components
The percentage changes in mean monthly values of basin-averaged water balance components at the two SWLs
compared to the baseline period are shown with boxplots in Figure 5. The median values of all the boxes are
tabulated in Table 4. The range of uncertainties in precipitation is largest during November to March (Figure 5a)
and the percentage changes in the median values are greater at 2°C SWL than at 1.5°C SWL for the months of
January to June. Since this is the primary forcing variable to the hydrological model, similar patterns of
uncertainties and changes are noticeable in other water balance components such as water yield (Figure 5d),
surface runoff (Figure 5f), groundwater recharge (Figure 5g) and evapotranspiration (Figure 5h). As for the
changes in pattern of the key variable of our interest, i.e. discharges at the basin outlet, it is a composite of the
precipitation change in addition to a couple of differently behaving variables, namely the baseflow and snowmelt.

Fig.5 Boxplots of percentage changes in mean monthly values of basin-averaged precipitation (a), snowmelt (b),
baseflow (c), water yield (d), surface runoff (f), groundwater recharge (g), evapotranspiration (h) and discharges
at the basin outlet (e). Each box includes data for the 11 climate projections used in the study.

Dry season flows in this river are dominated by the amount of snowmelt from higher elevation regions. Although
our model was not calibrated for the snowmelt component due to lack of observed data, our results are showing
some alarming signals. Snowmelt is projected to decline sharply at both SWLs, relatively more at 2°C. For June to
August, zero amount of median changes are projected due to the model generating negligible snowmelt in many
years at both SWLs and the baseline period. And in the months of May and June, a change of -100% in many years
indicate that although there was snowmelt in the baseline period, they turn into zero snowmelt at 1.5°C and 2°C
SWLs, hinting that there may be zero snow accumulation in those years. Future studies should be carried out to
better understand the snowpack formation/snowmelt phenomena in this region in a warming climate.
Table 4 Percentage change in median of mean monthly values of various water balance components in different
SWLs compared to baseline.

Month
January
February
March
April
May
June
July
August
September
October
November
December

Precipitation
1.5°C
3
12
37
15
12
6
-1
-1
-15
-19
-17
18

2°C
20
27
42
28
18
7
-1
-4
-16
-37
-21
8

Discharge

Snowmelt

1.5°C
-7
26
31
46
23
12
6
-3
-6
-12
-8
-11

1.5°C
15
12
-16
-63
-73
0
0
0
-40
-59
-23
12

2°C
-4
36
65
72
34
16
6
1
-8
-14
-17
-19

2°C
26
23
-35
-78
-91
0
0
0
-76
-69
-31
6

Surface
runoff
1.5°C 2°C
11
77
16
41
40
64
19
31
16
21
8
11
-1
-2
-2
-5
-15 -19
-16 -37
-19 -26
46
25

Baseflow
1.5°C
-3
-6
-1
9
8
5
3
2
0
-2
-3
-2

2°C
-4
-6
1
14
12
9
6
5
1
-2
-3
-3

Groundwater
recharge
1.5°C
2°C
-34
-1
-2
18
47
69
16
27
4
9
1
6
7
17
-5
-5
-29
-35
-37
-49
-44
-54
-44
-68

Water
yield
1.5°C
6
13
37
19
16
8
-1
-2
-14
-15
-9
10

Evapotranspiration
2°C
35
34
62
31
21
11
-2
-4
-18
-36
-16
2

1.5°C
3
7
19
9
6
3
1
0
-4
-10
-9
-4

2°C
11
19
23
12
10
4
2
1
-5
-16
-14
-5

Finally, the mean monthly discharges at the basin outlet are projected to increase at both SWLs compared to the
baseline period from February to July with 2°C SWL showing the greater increases. In the remaining months, our
model projects that mean monthly discharges will decrease at both SWLs.

Spatial distribution of changes in water balance components
The spatial distribution of the percentage changes in the annual average values of water balance components at
the two SWLs compared to the baseline period are shown in Figure 6a. The results presented here are the
ensemble mean values of all the 11 model simulations generated by the ensemble of 11 climate projections. On
the supply side of the water balance, the extreme precipitation and mean precipitation values will increase at
both SWLs, although the increase is greater at 2°C SWL for some of the northwestern and southern subbasins. But
snowmelt is showing reductions mostly over the north and northeastern subbasins at both SWLs. It is to be noted
that the reason behind the southern part of the basin having no changes in snowmelt is that this part of the basin
has a very low elevation where snow forming temperature doesn’t occur. The reductions are also greater at 2°C
SWL. On the demand side of the water balance, evapotranspiration and surface runoff will likely increase all over
the larger basin but baseflow and groundwater recharge may have both positive and negative changes in
different subbasins.

Fig. 6 Percentage changes in the ensemble means of the annual average values (a), ensemble agreement with the
direction of changes of the ensemble means (b) and ensemble spread between the maximum and minimum
values of percentage changes (c) at the two SWLs compared to baseline period of (from top to bottom) extreme
precipitation, mean precipitation, snowmelt, water yield, evapotranspiration, surface runoff, baseflow and
groundwater recharge.
As the changes presented in Figure 6a are of the ensemble means only, two more figures are included in order to
help the readers get a better understanding of the range of uncertainties associated with the changes in each
subbasin for the various water balance components. Figure 6b shows the ensemble agreement with the direction
of change (increase or decrease) of the ensemble mean, in the units of number of ensemble members agreeing
out of all 11 members. It is observed that in many of the cases the agreements are within 6 to 8 members. Figure
6c shows the ensemble spreads calculated as the differences between the maximum and minimum values of
percentage changes out of all the 11 ensemble members. The largest spreads are observed for changes in
snowmelt and groundwater recharge (>100%) while the lowest spreads are seen for changes in
evapotranspiration (<30%). It is also noticeable that the spatial patterns of ensemble spreads in extreme
precipitation are propagated to other components such as water yield and surface runoff, and that for all
components, the spreads are slightly larger at 2°C SWL than at 1.5°C SWL for some subbasins.

Conclusions
This study assessed the changes in the extreme flows and water availability of the Brahmaputra River at global
warming levels of 1.5°C and 2°C compared to a baseline period. The SWAT model was used to simulate future
discharges with bias-corrected weather data of an ensemble of 11 RCP8.5 climate projections from CORDEXSouth Asia. Using an ensemble of projections helped to account for some of the uncertainties related to different
GCMs and RCMs. Future studies are recommended with larger ensembles to get an even better idea of such
uncertainties. The SWAT-CUP program was used to calibrate the model parameters using weather data from
WFDEI. A limitation of this study is that, although the calibrated model performed very well in simulating the

seasonality of the observed flows, the simulated extreme flows during the calibration/validation years were
underestimated in some of the years.
Annual maximum/minimum discharge series were generated from the simulated daily discharge series to perform
frequency analysis and calculate the discharges at different return periods. PDF curves were also drawn with the
annual maximum/minimum discharge series. Results indicate that floods will likely be more frequent and flood
magnitudes will likely be higher at 2°C SWL than at 1.5°C SWL. But low flows are projected to be less frequent and
low flow values are projected to be higher i.e. the damaging impacts of low flows may be less severe at 2°C SWL
than at 1.5°C SWL. However, since floods have historically been causing catastrophic damages to the country
through loss of lives, damage of crops, damage to vital infrastructures and thus presenting an overall impediment
to the economic growth, this additional projected increase of floods at 2°C SWL than at 1.5°C SWL is a cause for
concern.
It should be noted that when policymakers take their decisions for regional adaptation based on projections from
studies such as this, they must take into account the large amount of uncertainties in the projections as was
demonstrated in this study. Finally, this study calls for future studies to be undertaken to assess the changes in
snowpack forming and snow melting processes in the upper reaches of the Brahmaputra River basin under a
warming climate, as the findings of this study hinted at the possibility of disappearing snowpack in the future.
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Chapter 2 Regional changes of precipitation
and temperature over Bangladesh using bias
corrected multi-model ensemble projections
considering high emission pathways
Introduction

Global warming resulting from increasing greenhouse gas concentration in the atmosphere causes significant
effect on the climatic component such as precipitation and temperature (Arnell and Reynard, 1996; Haddel et al.,
2014; Cuo et al., 2014; Pervez and Henebry, 2015). Analysis from observational data concludes 0.6°C increase in
average global temperature since the late 19th century and the IPCC-AR5 scenarios project temperature rises of
up to 4.8°C and sea level rise of up to 0.82 m by 2100 (Stocker, 2014). Natural and human systems are likely to
face major impacts due to climate change and extreme weather events (Gebre and Ludwig, 2015). Temperature
and precipitation are expected to vary considerably from region to region in the upcoming future. Consequently,
the variability in spatial and temporal pattern of temperature and precipitation can bring significant changes in
climates which in turn can affect agriculture, industrial and urban development.
General Circulation Models or GCMs which simulate physical processes in the atmosphere, ocean as well as for
land surface considering the response of the global climate system due to increasing greenhouse gas
concentrations. A fully coupled atmospheric-ocean general circulation model (AOGCM) comprises of an
atmospheric GCM (AGCM) and an ocean GCM (OGCM). GCMs depict the global climate typically having a
horizontal resolution of between 250 and 1000 km. The complexity of the GCMs and need for long term ensemble
scenarios result in high computing cost. To avoid that, GCMs usually adopt relatively coarse resolution grid
spacing which result in inappropriate representation of topography and local climate (Bhaskaran et al., 2012;
Maraun et al., 2010). Various hydrological processes such as radiation, convection, cloud microphysics etc. occur
mainly on a finer scale. Due to their coarse resolution, they do not provide full representation of the actual
regional climate scenario required for impact analysis. Therefore, downscaling of the coarse resolution GCM
variables to regional scale is essential for better representation of regional climate (Xu et al., 2005; Fowler et al.,
2007). Among two techniques of downscaling the climate variables from GCMs i.e. statistical and dynamical
(Wilby and Wigley, 1997), the statistical downscaling techniques focus on developing quantitative relationships
between atmospheric variables of coarse resolution and finer regional resolution (Wilby et al., 2004). In contrast,
dynamic downscaling method uses regional climate models (RCMs) that are developed based on the same
principles of dynamical and physical processes as GCMs but with a much finer resolution (10-50 km) that better
capture the regional climate (Christensen et al., 2007a). Apart from the facts several studies conducted with GCM
outputs project a warmer climate with less precipitation (Krysanova et al., 2010; Veijalainen et al., 2010; GarcíaGarizábal et al., 2014) over different basins around the world. Studies using high resolution RCMs over the Indian
subcontinent region have well captured the monsoon climatology (Bhaskaran et al., 1996; Bhaskaran et al., 2012).
Thus, embedding fine resolution RCMs within GCMs has become a common practice in climate change studies.
Previous studies concluded that RCMs significantly improves the model formulation of precipitation, one of the
most important climatic variable (Frei et al., 2006; Buonomo et al., 2007). Many studies have found that forcing
RCM with its driving GCM produces improved daily precipitation distribution along with extreme weather events
(Durman et al., 2001; Christensen and Christensen, 2007b) even in complex topography (Frei et al. 2006). Several

scientific experiments were performed to analyze the performance of RCMs in representing the Indian as well as
South Asian climate pattern specially the summer monsoon. For example, Dash et al. (2006) simulated the
summer monsoon circulation and rainfall using a regional climate model RegCM3 (Pal et al., 2007). Dobler and
Ahrens (2011) assessed the impact of CMIP3 scenarios by implementing another RCM called COSMO-CLIM. Hence
for a better representation of land and sea surface characteristics as well as capturing orographic properties of
any country it is advantageous to use dynamically downscaled RCM outputs instead of coarse resolution GCM
products.
However, systematic errors in RCMs are observed due to erroneous conceptualization and during spatial
averaging of grid cells (Teutschbein and Seibert, 2010). Underrepresentation of existing physio-geographical
characteristics results in a serious bias in crucial parameters such as temperature and precipitation (Lucarini et al.,
2008; Christensen et al., 2008). Therefore, bias correction of the RCM outputs for hydrologic impact assessment is
essential (Wood et al., 2004; Ines and Hansen, 2006; Teutschbein and Seibert, 2010). Several bias correction
procedures such as delta and scaling approach (Graham et al., 2007), quantile mapping (Seguí et al., 2010),
merging of linear and nonlinear empirical-statistical (Theme ßl et al., 2011) have been recently used for correcting
the RCM outputs to resolve this issue.
In recent decades, climate models have continued to be developed and improved significantly. Standard protocols
of numerical experiments for climate models were developed in the third Phase of the Coupled Model
Intercomparison Project (CMIP3) by the Working Group on Coupled Modelling (WGCM) in response to a proposed
activity of the World Climate Research Programme (WCRP) (Meehl et al., 2007). Climate model outputs from the
CMIP3 project provide significant contributions to the formation of Fourth Assessment report (AR4) under the
Intergovernmental Panel on Climate Change, IPCC (Solomon et al., 2007). IPCC-AR4 is based on emission scenarios
which work as the basis for conducting climate simulations by external forcing (Meehl et al., 2007). For better
evaluation of the previous model simulations as well as understanding the factors behind the differences in model
projections, the fifth phase of the Coupled Model Intercomparison Project (CMIP5) was developed considering
radiative forcing due to greenhouse gas concentration (Taylor et al., 2012). Experiments conducted through
CMIP5 multi-model ensemble contributed to the Fifth Assessment Report (AR5) (Stocker et al., 2014). Hereafter,
outputs from these two projects are named as CMIP3 and CMIP5 datasets.
Introduction of improved general circulation models in CMIP5 for better simulation of the AOGCMs provide more
appropriate surface air temperature and precipitation distribution than CMIP3 (Stocker et al., 2014). Rammig et
al. (2010) concluded CMIP3 lacks certain biogeochemical aspects which lead to even more uncertainty in CMIP3
models. According to Sperberet al. (2013) CMIP5 models are more skillful at capturing various aspects of Asian
monsoon climate than the CMIP3 models. Ogata et al. (2014) and Watterson et al. (2014) also reported modest
improvement climate simulations by CMIP5 models suggesting an advantage of using CMIP5 model outputs.
CMIP5 provides four new future projection scenarios i.e. RCP2.6, RCP4.5, RCP6 and RCP8.5 based on
Representative Concentration Pathways (RCPs). RCP 8.5 represents a future with higher emissions and is
distinguished by the highest amount of greenhouse gas concentrations up to 21st century (Riahi et al., 2007).
However, among four RCP scenarios RCP8.5 can reflect the highest possible change in climate. Peters et al.,
(2013) concluded that the current global emissions tracking slightly above RCP8.5 scenario which makes it
inevitable to assess the impact analysis based on RCP8.5. Considering this fact another study over China was also
conducted using the RCP8.5 scenario (Zou and Zhou 2013).
Due to its unique geographic location and low-lying topography, Bangladesh is classified as one of the most
susceptible countries to the adverse impacts of climate change. According to Sahid et al. (2010) Bangladesh
experienced an annual mean temperature increase of around 0.5°C along with increasing average rainfall. A high

population density heavily reliant on agriculture makes it more vulnerable to unfavorable climatic events like
flood and drought. These events are highly probable in this region due to change in precipitation and temperature
pattern (Caesar et al., 2015). Having three of the world’s mightiest river and besides that river bank erosion as
well as extensive sea coastline makes this country highly vulnerable to climate change. High intensity precipitation
and with the threat to sea level rise in the future triggers the possibility of flooding. Considering these facts,
numerical experiments by climate models can be useful tools to assess climate change impact over this country.
In the past, several studies projects increased average temperature and annual rainfall for Bangladesh in the
future (Nowreen et al., 2014; Raihan et al., 2015; Caesar et al., 2015). A few studies were primarily done using
coarse resolution global climate models (GCMs) (Nowreen et al., 2014; Caesar et al., 2015). Even though some
studies incorporated high-resolution regional climate models (RCMs) focused solely on the Bangladesh region
(Rajib and Rahman, 2012; Nowreen et al., 2014), they were based on CMIP3 model outputs. These previous
studies were predominated by analysis from the raw CMIP3 data without any bias correction of climatic
parameters like temperature and precipitation.
On these contexts, the objectives of this paper are (1) alleviating coarseness of GCMs by using bias corrected RCM
outputs and (2) possible high end changes of climate over Bangladesh for the three future periods i.e. near future
(2010-2040), mid future (2041-2070) and far future (2071-2100).

Materials and Methods
Description of the Study area
Bangladesh is in the south Asia from 20°34˝ North Latitude to 26°38˝ North Latitude and from 88°01˝ East
Longitude to 92°41˝ East Longitude (Fig. 1). 80% of the country has been formed by the floodplains of GBM
(Ganges, Brahmaputra and Meghna) river basin system. Important weather features like high temperature, heavy
rainfall and high humidity with strong seasonal variations constitute tropical monsoon climate of Bangladesh.
Wind circulation reversal in winter and summer months is a dominant feature of the south Asian monsoon
climate. Four distinct seasons constitute the annual seasonality: pre-monsoon (March–April–May), monsoon
(June–July–August–September), post-monsoon (October–November) and dry (December–January–February). The
pre-monsoon hot season is characterized by high temperature ranging from 27°C to 31°C, with extremes up to
40°C in the western part of the country. January is the coldest month with low temperatures in the range of 4°C
to 7°C. Total annual rainfall accumulation varies from approximately 1400 mm in western parts of the country to
over 4300 mm in the east (Karim and Mimura, 2008). The summer monsoon is a key time for precipitation when
around 70–80% of the annual total rainfall occurs (Sahid et al., 2010).

Fig. 1. Topography, admin boundaries and river system of Bangladesh.

Data and Methodology
The raw RCM outputs are retrieved from the repositories of Earth System Grid Federation (ESGF) portal
(https://pcmdi.llnl.gov/projects/esgf-llnl/), the Indian Institute of Technology Madras (IITM) CCCR portal
(http://cccr.tropmet.res.in/cccr/home/index.jsp). Details are provided in Table 1. The CMIP5 GCM outputs under
which the corresponding RCMs were driven were also downloaded from the ESGF portal.
Using the raw RCM output a bias correction procedure Multi-segment statistical bias correction (MSBC) method is
applied. The reference dataset used for the bias correction is the hybrid dataset of Watch Forcing Data -WFD
(Weedon et al., 2010) and the Watch Forcing Data methodology applied to ERA-Interim data (WFDEI) used in the
Inter-Sectoral Impact Model Integration and Intercomparison Project ISI-MIP (Weedon et al., 2014) which
combines forcing data of WFD (1901-1978) and WFDEI.GPCC (1979-2012). The bias correction reference period is
1981–2010. The regular grid resolution of WFD is 0.5°. The bias correction methodology applied to the
precipitation data has been described in Grillakis et al. (2013). For temperature variables, the same
methodological principles are applied on different types of transfer functions due to differences the data. Bias
corrected data from eleven RCM models are downloaded from Hydromech portal (ftp: //ftp.hydromech.tuc.gr).

The dataset was divided into two parts, (1) Historical Period (1971-2005) and (2) Future RCP8.5 scenario (20062100).
Among the four RCPs, the high emission scenario RCP8.5 is chosen for the study. Two parameters- average
temperature and precipitation are used to assess the climate change impact. Four time slices are considered to
represent the temperature and precipitation changes over Bangladesh. These time slices are baseline 1970s
(1971-2000), early era 2020s (2011-2040), mid era 2050s (2041-2070), long term era 2080s (2071-2100). To
validate that the bias corrected RCM outputs represent the climate of Bangladesh we need to compare the
historical period (1971-2000) period of RCM output with the observed data. Four observational data i.e. GPCC
(Schneider et al., 2008), CRU (Harris et al., 2014), ERA INTERIM (Simmons et al., 2007) and APHRODITE (Yatagai et
al., 2007) are used to assess the RCM model data performance. Time series analysis, spatial and temporal
variation of temperature and precipitation and zonal assessment are used to study the impact of future climate.
Future seasonality pattern of rainfall is also discussed in tabular form.
Table 1 List of Regional Climate Models.
Institute

GCM

RCM

Driving
Ensemble Res.
Member

RCP

1

CSIRO

ACCESS1.0

CCAM-1391M

r1

0.5°

8.5

2

CSIRO

CCSM4.0

CCAM-1391M

r1

0.5°

8.5

3

SMHI

CNRM-CERFACS-CNRM-CM5

RCA4

r1i1p1

0.5°

8.5

4

CSIRO

CNRM-CM5

CCAM-1391M

r1

0.5°

8.5

5

SMHI

ICHEC-EC-EARTH

RCA4

r12i1p1

0.5°

8.5

6

CSIRO

MPI-ESM-LR

CCAM-1391M

r1

0.5°

8.5

7

MPI-CSC

MPI-M-MPI-ESM-LR

REMO2009

r1i1p1

0.5°

8.5

8

SMHI

MPI-M-MPI-ESM-LR

RCA4

r1i1p1

0.5°

8.5

9

SMHI

NOAA-GFDL-GFDL-ESM2M

RCA4

r1i1p1

0.5°

8.5

10

SMHI

IPSL-CM5A-MR

RCA4

r1i1p1

0.5°

8.5

11

SMHI

MIROC-MIROC5

RCA4

r1i1p1

0.5°

8.5

Results and Discussion
Comparison with gridded observed data
Precipitation data from four observational datasets and temperature data from two observational datasets were
considered for comparison with the RCM model outputs for the historical period (1971-2000). Box whisker plots
of correlation between the model outputs and four observed datasets manifest good correlation ranging between
0.77 and 0.93 for precipitation and 0.91 to 0.97 for temperature (Fig. 2).

Fig. 2. Box whisker plot of the correlation coefficient between observed and various gridded rainfall and
temperature data products.

A Taylor diagram (Taylor, 2001) is used as shown in Fig. 3, which is a powerful graphical representation, to provide
a complete analysis of skill and limitations in model predictions. In a Taylor diagram, Root Mean Square Error
(RMSE) is separated in three components i.e. Pearson correlation coefficient, mean bias and ratio of standard
deviations. Using Taylor diagram, the efficiency of the climate models (i.e. GCMs, bias corrected GCMs and bias
corrected RCMs) has been assessed for the historical period (1971-2000) by comparing their output with
observed temperature and precipitation for the same duration. Furthermore, temperature and precipitation from
bias corrected GCM outputs in the Taylor diagram have been compared with the corresponding bias corrected
RCM outputs to study how GCM outputs improve the climate modelling efficiency in simulating regional climate.
We concluded that, the bias corrected precipitation derived from RCM outputs exhibit better consistency with
CRU and GPCC as marked by the adjacency with the observed data standard deviation (hollow circle marked at
position 1.0 along the x-axis, Fig. 3). All bias corrected RCM outputs show good correlation with the observed
satellite data ranging from 0.8 to 0.97. RCM model derived temperature matched CRU observed data with a
correlation of 0.96 and positioned very closely to the observed data near the standard deviation line 1.
Precipitation from GCM outputs have lesser correlations with observed data sets comparing with the bias
corrected RCM outputs. Although the average temperature from GCM outputs showed good correlation with the
observed datasets, they have high standard deviation comparing with RCM outputs as shown in Fig. 3.

Fig. 3. Taylor Diagrams showing correlation and standard deviations of precipitation and temperature between
various observed gridded datasets and climate model outputs derived from 5 GCMs, 5 bias corrected GCMs and
11 bias corrected RCMs during the historical period of 1971-2000.
The relative performances of representing the annual cycle of precipitation and temperature simulated by GCMs
and RCMs are shown in Fig. 4. The annual cycle of precipitation derived from the GCMs fails to represent the premonsoon precipitation pattern as shown in Fig. 4a. Although precipitation from bias corrected GCM outputs
representing the pre-monsoon precipitation patterns slightly better that of from GCM outputs as shown in Fig. 4b,
they still underestimated the observed pre-monsoon precipitation. In contrast, bias corrected precipitation
derived from the multi-model ensembles of the RCM outputs exhibit very close representation of the observed
annual precipitation cycle as shown in Fig. 4c. The performance of GCMs in capturing the annual cycle of
temperature is slightly better than capturing the annual cycle of precipitation. However, GCM outputs exhibit
underestimation of post-monsoon temperature during October and November as shown in Fig. 4d. Temperature
derived from bias corrected GCM outputs were able to alleviate the underestimation but still failed to fully
capture the post-monsoon cycle as shown in Fig. 4e. Nevertheless, annual cycle of temperature derived from the
multi-model ensemble of the RCM outputs provided a better representation than that of derived from GCM
outputs as shown in Fig. 4f.

Fig. 4: Comparison of annual cycle of precipitation between (a) observed datasets and raw GCM, (b) observed
datasets and bias corrected GCM and (c) observed datasets and bias corrected RCM output for the historical
period of 1971-2000. Comparison of annual cycle of temperature between (d) observed datasets and raw GCM,
(e) observed datasets and bias corrected GCM and (f) observed datasets and bias corrected RCM output for the
historical period of 1971-2000.

Increasing temperature
The average temperature anomaly for the eleven RCM model is shown in Fig. 5 relative to pre-industrial period
(1861-1880) up to year 2100. An increasing trend of temperature can be observed with the highest average
temperature increase of 4.23°C in year 2098. The error bars indicate the uncertainty of future temperature
projections. Fig. 5 suggests greater uncertainty in temperature projection as projections extend to 21 st century.
Considered individually, through the 21st century RCM MPI-ESM-LR_SMHI-RCA4 shows the highest increase
(5.77°C) in temperature whereas MIROC5_SMHI-RCA4 model indicates the lowest increase (3.24°C).

Fig. 5. Temperature anomaly (ᵒC) relative to 1861-1880 for Bangladesh considering RCP 8.5 scenarios.

Monthly variation of average temperature and precipitation
The highest increase of temperature is for February month during 2080s ranging between 3.6°C and 9.8°C (Fig. 6).
All RCM models show an increase in average temperature over Bangladesh for the 2020s, 2050s and 2080s.
January and February temperatures will raise most during 2050s and 2080s, which means a warmer winter season
for Bangladesh. The increment of temperature increase during summer season prevails than that of the winter
season. July, August and September show a similar increase of average temperature ranging between 0.7° and
4°C.

Fig. 6. Anomaly of average temperature (°C) relative to 1861-1880 for 2020s, 2050s and 2080s under RCP 8.

Future changes of monthly precipitation under RCP 8.5 scenario for the 11 RCM models over Bangladesh are
shown in Fig. 7. The RCM models indicate that rainfall will increase in future in response to global warming under
RCP 8.5 scenario.

Fig. 7. Projected future changes of monthly Precipitation (mm) in the 2020s, 2050s and 2080s with respect to
baseline period of 1971-2000.

Model results suggest a higher increase in precipitation during the pre-monsoon period (i.e. March, April and
May) ranging between 125 mm – 615 mm than in other seasons. Also, a significant increase precipitation in postmonsoon period (i.e. October) up to 220 mm for 2080s is evident. However, results indicate a lesser increase in
precipitation for the months of November, December and January ranging between 0.5 mm to 30 mm for the
2020s, 2050s and 2080s, respectively. Although, significant increases in rainfall during the pre-monsoon and post
monsoon period are evident from the study, monsoon (June-September) rainfall increase remains low ranging
between 340 mm and 515 mm during this season.

Spatial pattern of projected future changes of average temperature and precipitation
over Bangladesh
Temperature
Projected spatial distribution of average temperature using the RCP 8.5 scenario derived from the 11 RCM models
over Bangladesh for the three time slices (i.e. 2020s, 2050s and 2080s) is shown in Fig. 8 and 9. A zonal
distribution is evident from the spatial pattern of the RCM models. All the models manifest greater increase of
temperature in the south west (SW) region of Bangladesh from 1.22°C to 4.61°C for the 2020s, 2050s and 2080s.
The southern part of Bangladesh will face greater temperature rise than other regions. Coastal regions including
the largest mangrove forest in the world ‘Sundarbans’ will face the adverse effect of temperature increase. In
general, notable increase of temperature all over Bangladesh is expected during 2080s.

Fig. 8. Spatial distribution of temperature anomaly (ᵒC) relative to 1861-1880 over Bangladesh for 2020s, 2050s
and 2080s considering RCP 8.5 scenarios.

Fig. 9. Spatial distribution of temperature anomaly (ᵒC) relative to 1861-1880 over Bangladesh for 2020s, 2050s
and 2080s considering RCP 8.5 scenarios.

Precipitation
Spatial distributions of percent change of rainfall from the RCM model simulations based on RCP 8.5 scenario over
Bangladesh for the 2020s, 2050s and 2080s are shown in Fig. 10 and 11.
A significant increase of mean rainfall, up to 12%, over north east and south east regions of Bangladesh is evident.
The highest increase of rainfall, up to 20.39%, was projected to occur over the Eastern hilly region of Bangladesh.
Greater increase of precipitation is expected over Bangladesh for 2080s than for the 2020s and 2050s. Results
indicate a decrease in rainfall by up to 8.22% over the south west (SW) of Bangladesh.

Fig. 10. Percent (%) change of precipitation over Bangladesh for 2020s, 2050s and 2080s considering RCP 8.5
scenarios relative to baseline period (1971-2000).

Fig. 11. Percent (%) change of precipitation over Bangladesh for 2020s, 2050s and 2080s considering RCP 8.5
scenarios relative to baseline period (1971-2000).

Seasonal analysis
The high resolution regional simulations generated using RCP 8.5 scenario have been examined in detail to
evaluate model skill in representing the regional climatological features, the summer monsoon characteristics.
Seasonal rainfall statistics for the eleven RCM models are provided in Table 2. An overall increase in future rainfall
is projected during the dry (DJF) and pre-monsoon (MAM) period for 2020s, 2050s and 2080s with respect to the
historical period (1971-2000). However, an important feature is decrease in monsoon rainfall for the 2020s, 2050s
and 2080s is observed for some RCM such as CSIRO-CCAM-1391M, REMO-2009.
Table 2. Characteristics of seasonal and annual rainfall (mm) for Bangladesh under RCP 8.5, (historical and future
scenarios) as simulated by RCM models.
RCM
models

Season

ACCESS
1_CSIR
OCCAM1391M

CCSM4
_CSIRO
-CCAM1391M

CNRMCM5_C
SIROCCAM1391M

ECEARTH
_SMHIRCA4

IPSLCM5AMR_S
MHIRCA4

MIROCMIROC
5_SMHI
-RCA4

47.4

CERFAC
SCNRMCM5_S
MHIRCA4
46.4

Historic
al
2020s

DJF
(mm)

51.5

49.2

56.3

50.9

79.9

51.1

46.4

62.5

49.6

2050s

93.3

87.9

55.4

94.8

2080s

134.4

107.6

71.4

552.2

578

800.1

685.5

Historic
al
2020s

MAM
(mm)

MPIESMLR_MPI
-CSCREMO2
009
39.6

MPIESMLR_SM
HIRCA4

GFDLESM2M
_SMHIRCA4

47.3

MPIESMLR_CSI
ROCCAM1391M
54.6

40.3

49.5

61.2

44.5

56.8

30.2

38.7

38.5

51.2

44.1

50

109.2

23.8

28.8

65.5

147.7

43.9

39.2

59.5

158.7

19

18.2

55

485.3

525.7

491.6

534.3

516.7

557.4

489.4

486.6

485.6

488.6

712.4

558.8

617.6

650.3

739.7

454.8

420.3

582.2

2050s

891.2

857.7

535.6

855.8

508.7

813.8

781.8

860.1

479.3

457.4

673.2

2080s

964.8

995.9

544.5

897.5

572.7

963.5

899.7

1033.5

399.9

410

854

1690.8

1604.1

1585.6

1655.8

1587.1

1536.9

1515.3

1636

1604.3

1581.3

1570.2

1619

1529.6

1652.8

1534.7

1696.5

1505.3

1426.3

1598.1

1568.5

1590.7

1511.2

2050s

1458.9

1484.7

1680.3

1376.1

1699.4

1571.7

1378.6

1513.2

1489.5

1676

1551.8

2080s

1473.1

1474.1

1751.2

1352.3

1654.5

1556.2

1442.3

1370.8

1476.2

1661.2

1420.6

199.9

189.3

214.5

206

219.5

185.5

188.4

217.1

214.2

228.5

187.8

106

92.5

194.8

125.8

214.6

142.4

112.9

116.2

213.5

216.3

156.6

2050s

80.1

70.6

215.4

67.4

238.3

69.8

102.8

83.9

207.4

201.8

94.2

2080s

56.9

85.8

253.5

40.1

235.7

22.4

80.1

38.9

221.6

188.2

39.2

Historic
al
2020s

Historic
al
2020s

JJAS
(mm)

ON
(mm)

Exposed districts
The most exposed districts of Bangladesh that are susceptible to temperature increase according to the eleven
RCM models are summarized in Fig. 12. Among the 64 districts, Khagrachari, Moulovibazar, Sylhet and Satkhira
districts are likely to face ~2°C temperature rise in 2020s. However, temperature will continue to rise over
Bangladesh up to ~3ºC according to 11 RCM models during 2050s.
Habiganj, Rangamati, Sunamganj are exposed to temperature rise in 2050s. With the increasing trend of radiative
energy in the RCP 8.5 scenario more and more districts are likely to face temperature rise for 2080s. Simulations
from the RCMs suggest that overall temperature of the country will increase by more than 4°C and as many as 17
districts will face a temperature increase up to 4.5°C, as shown in Fig. 12.

Fig. 12. Most vulnerable districts considering extreme temperature rise in 2020s, 2050s and 2080s.
The most susceptible districts considering the highest precipitation increase are shown in Fig. 13. Simulations
from the eleven RCM models suggest that northern Bangladesh will face an increase of up to ~12% in

precipitation during 2020s. An increase of up to 20% in precipitation is also projected to occur by the 2050s in the
northern districts of Bangladesh. Brahmanbaria, Dinazpur, Nilphamari and Rangpur districts will likely be subject
to increased precipitation during the 2020s and 2050s. Six districts in the northern region will likely face
increased rainfall up to 25% during 2080s as shown in Fig.13.
It is evident from the zonal statistics that the eastern part of Bangladesh will face greater temperature rise
compared with the historical period (1971-2000) especially the districts in Sylhet division. Whereas, the northern
part of Bangladesh will face precipitation increase throughout the 21st century according to the eleven RCM
models.

Fig.13. Most vulnerable districts considering extreme precipitation increase in 2020s, 2050s and 2080s.

Conclusions
This article presents an assessment of the expected future changes in the characteristics of precipitation and
temperature over Bangladesh under the RCP 8.5 climate change scenario using eleven regional climate models.
Bias corrected high-resolution RCM outputs have been found effectively representing the seasonal mean
precipitation and temperature as well as some small-scale features of the monsoon over Bangladesh. By the end
of the 21st century (2071–2100), all RCM models indicated a significant rise in the mean annual near surface air
temperature (~ 5°C) over land. The pre-monsoon precipitation may increase by 615 mm towards the 2080s
relative to the baseline period corresponding to the 1970s. However, on smaller regional scale, some regions may
experience slightly lower rainfall compared to the baseline period in the future. The projected percent change in
precipitation may be non-uniform over the country. The spatial patterns of projections also do not agree under
different RCMs, suggesting uncertainty in the projection of precipitation changes. However, the overall
precipitation is likely to be higher in the future over the region.
The scenarios presented in this article highlight the expected changes in the precipitation and temperature
patterns over the coming years indicating future impacts of climate change. It is a high priority to detect these
temporal and spatial changes in precipitation and temperature patterns on the local, regional, and national scales,
due to the associated critical socioeconomic consequences.
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Chapter 3 Changes of climate extremes over
Bangladesh at 1.5°C, 2°C and 4°C of global
warming
Introduction

The global climate change accompanied by the anthropogenic emissions are changing the pattern of rainfall and
temperature in different region of the world at different scales. The impact of such changes is not only limited to
the physical system but also affects the social and economic condition at varying degree. In recent years’ climate
change becomes synonymous with the change in the global mean temperature or vice versa. So much so that, the
international negotiations have adopted this indicator for global climate governance. At the 21st Conference of
the Parties (COP21) of United Nations Framework Convention on Climate Change (UNFCC), leader from the
countries reached the first ever global accord on climate change. Dubbed as Paris Agreement, this accord contains
policy obligation for all countries with the goal of “holding the increase in the global average temperature to well
below 2 °C above pre-industrial levels and pursuing efforts to limit the temperature increase to 1.5 °C, recognizing
that this would significantly reduce the risks and impacts of climate change” (Schleussner 2016).
The agreement was accompanied by an invitation from the COP to the Intergovernmental Panel on Climate
Change (IPCC) to “provide a special report in 2018 on the impacts of global warming of 1.5°C above pre-industrial
levels and related global greenhouse gas emission pathways”. This report is important not only for achieving the
2°C with reasonable likelihood but also its possible implication on the discussions on the international mechanism
for loss and damage (Hulme 2016). One of the key obstacle to the preparation of this special report is the
unavailability of scientific studies driven by the question of specific warming level. Given the importance in policy
levels, scientists all around the world are asked to identify the change in bio-physical system as well as socioeconomy at warming levels to assist this report – especially at regional level (Boucher et al. 2016).
In response to this demand, number of studies have been conducted on various aspect of bio-physical system
keeping specific warming, especially 1.5°C in mind. These includes – river discharge and floods (Chen 2017),
drought (Lehner et al. 2017), extreme events (King et al 2017), food security (Frank et al. 2017). Studies over
Bangladesh – a climate change hotspot is, although limited but not unavailable. Mohammed et al. studied the
Brahmaputra river system and reports increasing frequency of flood at higher level of warming. Similarly, Zaman
et al. (2017) studied the response of Ganges-Brahmaputra-Meghna system at 2°C. Examination of changes of
rainfall and temperature extremes is one of the least explored topic.
Climate extremes are the events residing in the tail of the distribution of climate parameters, e.g. temperature
and rainfall. While the warming of the planet indicates the change in the mean climatology, it does not give any
direct idea how the tail of the distribution is going to change. These changes are essentially the change in the
extreme events, which in turns manifest itself through disastrous events like – flash flood, landslides, heat waves
etc. Society suffers from these extreme events rather than the mean climate, and thus more sensitive to know
about the probable changes.
Most previous study on extreme events in Bangladesh was either focused in the change in mean value (Shahid
2009, SMRC 2009, Nowreen et al. 2012) or observed trend (Shahid 2011). Some studies examine the future
change using high-resolution regional climate model projections but focuses on a specific region of the country

for a selected index (Nowreen et al. 2014, Basher et al. 2017). Using an ensemble of PRECIS simulation Nowreen
et al. reports increased variability of rainfall during the pre-monsoon season in the haor region (2014). On the
other hand, Basher et al. (2017) observed a decrease over rainfall indices over the same area using the ERAInterim and WFDEI dataset. Fahad et al (2017) studied the change in temperature and rainfall using bias-corrected
multimodal ensemble for the whole country and found significant increase in pre- and post-monsoon period.
None of these studies specifically explores the question of change in extreme events in specific warming levels.
This study thus aim at filling up two specific knowledge gap – a comprehensive spatio-temporal study of the
extreme climate indices over the whole country using high-resolution bias corrected multi-model ensemble of
regional climate model and reporting the results in a way to assist the preparation of special report on 1.5°C
warming compared to pre-industrial period.

Data and Methods
Study area
Bangladesh is home to about 163 Million people. It is a small deltaic country located in the tropic of cancer and
surrounded by India in three sides except the South. With a small boundary with the Myanmar in the southeast,
the southern boundary is open to Bay of Bengal. Figure 1 shows the geographical setting and topography of the
study area.

Figure 1: Geographic location and topography of the study area.

Except the hilly regions in the east and southeast, the country is a large low-lying flood plain of three principal
rivers - the Ganges, the Brahmaputra and the Meghna. The country is warm and humid in general and
characterized by wide seasonal variation in rainfall. During the monsoon season (June - September) about 70
percent rainfall is received. The rest of the precipitation is shared between the pre-monsoon (March - May) and
post-monsoon (October-November) seasons. The winter season (December - February) is relatively dry. Due to
the flat topography and heavy rainfall during the monsoon, about 20% of the country gets flooded annually. In
extreme cases like in 1998 the recorded inundation is as high as 70%.

Description of dataset
An 11-member ensemble from three regional climate model (RCM) forced by eight general circulation model
(GCM) was selected from Coordinated Regional Climate Downscaling Experiment (CORDEX) -South Asia domain
database. The selection of the ensemble member is based on the availability in the database at the time of the
study. All the projections were made by forcing the corresponding GCM with Representative Concentration
Pathway - RCP 8.5 (van Vuuren et al. 2011). This scenario represents no change in current trend of greenhouse
gas emission, i.e. business as usual. So far, the actual trend in emission is found to follow this pathway (Piontek et
al. 2013; Friedlingstein et al. 2014). The summery of the ensemble member is presented in Table 1.
Table 1. Regional Climate Models and the year when a model exceeds a Specific Warming Level.
ID

GCM

Initialization

RCM

SWL
1.5

2

4

R1

ACCESS1-0

r1i1p1

CSIRO-CCAM-1391M

2034

2046

2085

R2

CCSM4

r1i1p1

CSIRO-CCAM-1391M

2016

2031

2079

R3

CNRM-CM5

r1i1p1

SMHI-RCA4

2032

2046

2088

R4

CNRM-CM5

r1i1p1

CSIRO-CCAM-1391M

2032

2046

2088

R5

EC-EARTH

r12i1p1

SMHI-RCA4

2019

2035

2083

R6

CM5A-MR

r1i1p1

SMHI-RCA4

2020

2034

2069

R7

MIROC5

r1i1p1

SMHI-RCA4

2038

2052

-

R8

MPI-ESM-LR

r1i1p1

CSIRO-CCAM-1391M

2021

2040

2083

R9

MPI-ESM-LR

r1i1p1

REMO2009

2021

2040

2083

R10

MPI-ESM-LR

r1i1p1

SMHI-RCA4

2021

2040

2083

R11

GFDL-ESM2M

r1i1p1

SMHI-RCA4

2040

2055

-

Note: Dash (-) represents years exceeding twenty first century.

For hydrological applications, the dataset has been bias corrected using a multi-segment bias correction
methodology (MSBC) (Grillakis et al. 2013). The WATCH forcing methodology applied over ERA-Interim (WFDEI)
dataset has been used as the reference dataset for the bias correction (Weedon et al. 2014). The main feature of
MSBC lies in its fitting of distribution. Instead of using a single distribution to fit the whole cumulative distribution
function (CDF), MSBC fits multiple functions to different region of the CDF. The method is very suitable for biascorrection of future climate projections – particularly for rainfall and temperature projections.
The bias corrected dataset is reported in a 0.5 degree (~50 km) regular latitude-longitude grid similar to it bias
correction reference - WFDEI dataset. Three climate parameters - precipitation, maximum and minimum
temperature is extracted for the study area. The time series starts from 1971 and continued up to the end of the
century. To analyze the changes of the extreme events in the future three specific warming levels (SWLs) were
considered: 1.5, 2, and 4 C of global warming. The SWLs are the global mean temperature (GMT) rise compared to
the pre-industrial period (1861 – 1880). The year when a model crosses a given SWL is listed in Table 1. It is
calculated by taking a 20-year central running mean of GMT anomaly compared to pre-industrial period and
finding the first year when a SWL is reached. The twenty-year period around the year of crossing a SWL were
considered during the assessment of the climatology of a SWL. As emission is forced in the GCM after 2005, the
preceding 20 years (1986 – 2005) is taken as the baseline period for this study.

Indices calculation
We have used in this study a subset of 27 extreme indices based on daily data recommended by WMO/WCRP
ETCCDI (Zhang et al., 2011). These indices have been used in multiple studies and proved their utility (Bürger
2012, Sillman 2013). Table 2 lists the indices and a brief description of the indices. For our study area Ice days (ID)
and Frost Days (FD) are always zero. The Growing Season Length (GSL) is also found predominantly ~365 days.
Hence, these indices have also been excluded from further analysis.
Table 2. The 23-extreme temperature and precipitation indices selected from 27 indices suggested by ETCCDI
(after Zhang and Yang 2004).
Index

Long Name

Definition

Units

Threshold indices
SU25

Summer days

Annual count when TX > 25 °C

Days

TR20

Tropical nights

Annual count when TN > 20 °C

Days

CDD

Consecutive dry days

Maximum number of consecutive days with RR < 1 Days
mm

CWD

Consecutive wet days

Maximum number of consecutive days with RR >= Days
1mm

R10

Number
of
precipitation days

heavy Annual count of days when PRCP >= 10mm

Days

R20

Number of very heavy Annual count of days when PRCP >= 20mm
precipitation days

Days

Percentile Indices
TN90p

Warm nights

Percentage of days when TN > 90th percentile

% Days

TX90p

Warm days

Percentage of days when TX > 90th percentile

% Days

TX10p

Cold days

Percentage of days when TX < 10th percentile

% Days

TN10p

Cold nights

Percentage of days when TN < 10th percentile

% Days

R95p

Very wet days

Annual total PRCP when RR > 95th percentile

mm

R99p

Extremely wet days

Annual total PRCP when RR > 99th percentile

mm

Spell Indices
WSDI

Warm
spell
indicator

duration Annual count of days with at least 6 consecutive Days
days when TX > 90th percentile

CSDI

Cold
spell
indicator

duration Annual count of days with at least 6 consecutive Days
days when TN < 10th percentile
Other Indices

PRCPTOT

Annual
total
precipitation

wet-day Annual total PRCP in wet days (RR >= 1 mm)

DTR

Diurnal temperature range

RX1

Max 1-day precipitation Monthly maximum 1-day precipitation
amount

mm

RX5

Max 5-day precipitation Monthly maximum consecutive 5-day precipitation
amount

mm

TXn

Min Tmax

Monthly minimum
temperature

value

of

daily

maximum °C

TNn

Min Tmon

Monthly minimum
temperature

value

of

daily

minimum °C

Monthly mean difference between TX and TN

mm

°C

The proposed indices cover four types of indices. Fixed threshold types indices, for example R10 or R20, counts
the number of days exceeding a threshold. The threshold is defined by the ETCCDI. Second types of indicators are
percentile based indicators where the threshold is calculated based on the percentile of the dataset. We have
considered the 30-year climatic period (1981-2010) as the duration to calculate these baseline percentiles. The
reasoning behind using 30-year period for percentile calculation is to keep consistency with similar studies and
allow to be compared with observations (Alexander and Arblaster 2017, Khatun et al. 2016, Khan et al. 2017).
Third types are the spell type indicator where the length of the event is considered with the threshold imposed.
All the other indices like PRCPTOT, DTR etc. can be listed as the forth category.

We have not considered any of the user defined indices described in Zhang and Yang (2004). The user-defined
rainfall index counting the number of days greater than a user defined rainfall is removed according to the
findings of Asian study of SMRC (Islam et al. 2009). The standard indices R10 mm (days above 10 mm rainfall)
and R20mm (days above 20 mm rainfall is found sufficient for the study area (Nowreen et al 2014).

Analysis of extreme indices
We have conducted temporal and spatial analysis on the selected extreme indices over the study area. In
temporal scale we have investigated monthly, seasonal, and yearly timescales. On the other hand, spatial analysis
is only limited to yearly timescales. The change in monthly and seasonal scale is calculated as the areal average of
the estimated climate indices. Four season is considered based on the study by Bangladesh Meteorological
Department (BMD) (Khatun et al. 2016). By this definition, December to February (DJF) is the winter, March to
May (MAM) is the pre-monsoon, June to September (JJAS) is the monsoon and the October to November (ON) is
the post-monsoon period. For seasonal time scale we have averaged over the time period of the the seasons. On
the other hand, spatial change is calculated using the multi-model ensemble (MME) mean approach. It is reported
that the multi-model ensemble mean narrows down the inter-RCM uncertainties and provides better estimate
than single ensemble member (Lambert and Boer 2001, Gu et al. 2017).
Density distribution of the indices is calculated using a Gaussian kernel. The process involves dispersing the mass
of the empirical distribution of the data over a range of the random variable and then using the fast Fourier
Transform to convolve the approximation with a discretized version of the kernel. Linear approximation is then
applied to interpolate the density at specified points. We have evaluated the densities for MME mean of the areal
average estimate (Becker et al. 1988). For seasonal estimation, the random variable is further averaged over the
season before taking the MME mean.

Results and Discussions
Climatology and climate variability
Rainfall in Bangladesh varies from about 1500 mm in the west to 4000 mm in the northeast (Shahid 2010). In the
haor region of the northeast, the rainfall varies between 3600 to as high as 7800 mm annually (CEGIS 2012).
Figure 2 represents the annual variation of average monthly rainfall and the maximum and minimum temperature
for the baseline period (1986 – 2005). Climatological data are collected from 34 meteorological stations of
Bangladesh Meteorological Department (BMD). Gridded data are collected from Climate Research Unit (CRU)
having 50-km resolution, and output from ensemble of RCMs as listed in Table 1. Areal averaging is performed to
reduce the spatial dimension of the dataset. From Figure 2, the bias-corrected climate model data shows a close
spreading for all months. The agreement between the MME mean and the CRU dataset is very strong. Both of the
lines virtually follows each other. Meteorological station data on the other hand shows considerable deviation
during the monsoon season. Both CRU and MME mean underestimate the monsoon rainfall as compared to the
observed station data.

<<Figure 2. Annual cycle of (a) average monthly rainfall (b) the maximum and minimum temperature over
Bangladesh during the baseline period (1986 – 2005) for three datasets – Gridded data from Climate Research
Unit (CRU), Observed data from meteorological stations, and gridded output from regional climate model. The
shading is the range of variation of the bias corrected output of the ensemble members of regional climate
model.>>

The maximum and minimum temperature also show very close agreement among all the datasets. There is
virtually no spread between the bias-corrected ensemble members. The maximum temperature is highest during
the pre-monsoon season while the minimum temperature is the highest increment during the end of the
monsoon season (August - September). Due to the heavy (80%) rainfall in monsoon season, the Diurnal
Temperature Range (DTR) is minimum during this period. The maximum range is observed during the winter
season. For completeness, the spatial distribution of the yearly average temperature over Bangladesh is
presented in Figure 3. Each grid point is calculated from the MME mean of the average temperature over baseline
period and then interpolated with Inverse Distance Weighting (IDW) for smooth surface. The average
temperature ranges from about 22°C in the Northeast region to about 27°C in the Southwest region.

Figure 3. Spatial distribution of the yearly average temperature from MME mean of the RCM.

A brief accounting of the change of rainfall and temperature is presented in Table 3. The percent change of the
maximum and minimum temperature compared to baseline is presented in Table 4. We have calculated mean
and standard deviations for both seasonal and annual scale. The mean values are calculated by taking both areal
and seasonal mean of the parameter. The standard deviation is the mean of eleven ensemble member standard
deviation.
Except the winter season (DJF), an increasing variation is found in rainfall for higher SWLs. In the context of the
magnitude of the average rainfall, the deviation is much pronounced in the pre- and post-monsoon season. The
average rainfall during the monsoon season projects a decrease at 4°C warming followed by an increase at 1.5
and 2°C. During the winter (DJF), both mean and standard deviation shows decrease at 1.5°C proceeded by an
increase at 2 and 4°C SWL. In all other seasons, the mean rainfall projects increase with SWL.

Table 3. Changes of rainfall and temperature over Bangladesh at specific warming levels.
SWL

Temperature (˚C)

Rainfall (mm/day)
DJF

MAM

JJAS

ON

Annual

DJF

MAM

JJAS

ON

Annual

Baseline

0.48

5.2

15.63

4.44

7.39

19.79

26.66

28.16

25.62

25.29

SWL15

0.44

5.18

15.72

4.92

7.49

21.28

27.54

28.94

26.87

26.35

SWL2

0.5

5.16

16

5.15

7.63

22.08

27.96

29.42

27.49

26.92

SWL4

0.56

5.02

15.94

6.49

7.82

24.17

29.38

31.26

29.65

28.77

Baseline

1.94

7.17

8.35

7.73

9.22

1.81

2.40

1.05

2.03

3.76

SWL15

1.90

7.24

8.70

7.78

9.45

1.98

2.33

1.05

1.79

3.52

SWL2

2.15

7.42

8.92

7.90

9.64

1.98

2.37

1.12

1.82

3.43

SWL4

2.25

7.50

9.29

8.12

10.00

2.07

2.63

1.39

1.81

3.48

Mean

Standard
Deviation

Table 4. Changes of the maximum and minimum temperature over Bangladesh at Specific Warming Levels.
Index

DJF

MAM

JJAS

ON

Base

1.5

2

4

Base

1.5

2

4

Base

1.5

2

4

Base

1.5

2

4

Max.
Temp.

25.92

1.45

2.24

4.17

31.97

0.54

0.98

2.45

31.16

0.77

1.2

3.16

29.92

0.93

1.49

2.98

Min.
Temp.

13.67

1.44

2.35

4.55

21.34

0.69

1.14

2.67

25.14

0.77

1.27

3.04

21.13

1.14

1.88

3.98

The mean temperature shows an overall increasing trend with SWLs. The average change coincides with the
SWLs. The maximum change is projected during the post-monsoon and winter season. The projected deviation is
very minimal during the pre-monsoon season with no particular trend and decreasing during the post-monsoon
season.
Figure 4 illustrates the monthly anomaly of the average temperature compared to the baseline period. Each box
represents the interquartile (25th and 75th percentile) range and the horizontal line inside the box represent the
median values of the RCMs. Except for August-October, the higher variability is projected at higher SWLs. The
change and variability both are high during the November-March period and most prominent during the winter
(DJF) as found before.

Figure 4. Monthly temperature anomaly compared to the baseline period (1986-2005).

In Table 4, the change in seasonal average of the maximum and minimum temperature is presented. The baseline
value is tabulated in the column named “Base” and the changes is reported in °C at SWLs in subsequent column.
We can also observe a similar increasing trend at a higher SWL for the maximum and minimum temperature. The
highest change is observed during the winter season.

Monthly and seasonal pattern
Intra-seasonal change compared to baseline period for selected extreme indices are presented in Table 5. For all
indices, average baseline value is presented under heading “Base” and the changes are presented under
subsequent SWLs headings. Monthly change in the maximum and minimum temperature indices are presented in
Figure 5. All values are presented in the unit listed in Table 2.
Figure 5. Monthly change in (a) the warmest maximum temperature (TXx), (b) the coolest maximum temperature
(TXn), (c) the warmest minimum temperature (TNx), (d)the coolest minimum temperature (Tnn) compared to the
baseline period. Dots represent the values that are deemed outliers.
Table 5. Change in intra-seasonal average change of selected extreme indices at specific warming level.
Index

DJF

MAM

JJAS

ON

Base

1.5

2

4

Base

1.5

2

4

Base

1.5

2

4

Base

1.5

2

4

28.5
9
22.3

1.45

2.23

4.18

35.92

0.55

1.02

2.57

34.61

0.65

1.2

3.65

0.89

1.57

3.4

1.27

2.13

4.38

26.84

0.52

0.81

2.28

28.05

0.72

1.05

2.42

0.96

1.51

2.71

1.22

1.96

4.02

24.37

0.54

1.05

2.75

26.48

0.81

1.32

3.26

0.89

1.51

3.25

0.81

2

5.17

17.86

0.74

1.15

2.63

23.5

0.71

1.24

2.89

1.28

2.15

4.41

RX1

17.4
8
10.0
1
7.26

32.6
2
26.2
3
24.1
8
17.9

28.76

0.34

1.42

3.07

47.26

1.75

2.6

2.65

0.53

1.55

1.88

73.76

0.04

0.9

3.96

2.68

6.93

4.67

1.37

3.05

DTR

-0.1

-0.38

10.61

-0.37

-0.35

-0.39

-0.01

-0.09

0.12

8.72

-0.36

-0.55

10.7
2
-1.37

TN10
P

12.2
4
10.7
7

151.6
4
6.02

31.0
7
79.7

1.68

12.9

0.03
0.79

-0.05

RX5

0.51
0.27
0.03
6.38

-8.8

10.52

-5.33

-6.47

-8.89

10.68

-7.35

-8.91

-7.44

-8.94

10.4
6
11.6
2

21.9
7
6.49

36.7
2
8.64

10.48

25.8
7
-4.96

53.8
3
-7.46

10.34
10.56

28.3
5
-6.11

49.2
1
-7.47

10.4

10.62

16.3
7
-3.85

10.3
1
82.3

10.1
8

TN90
P
TX10
P

-9.36

10.6
9

24.5
1
-5.74

41.3
2
-7.44

TX90
P

10.0
2

29.1
1

44.1
2

10.5
9
71.8
7
10.8
3
72.7
3

10.61

9.41

14.9
3

36.4
6

10.41

6.3

12.8
9

45.8
9

9.92

20.6
5

33.0
6

TXx
TXn
TNx
TNn

10.2
1
79
-9.35

63.5
5

In consequence of the warming, increase in both the warmest (TXx, TNx) and the coolest (TXn, TNn) temperature
indices are projected in all higher warming levels compared to the baseline period (Figure 5 a-d). The coolest
minimum temperature is projected to increase at the most at 4°C, however it is not true for lower SWLs. Among
these four indices, the change in the minimum temperature is more pronounced at both monthly and seasonal
scale. For the warmest maximum temperature (Txx), the spread in the ensemble is the highest during June-July
period. The warmest minimum temperature (TNx) on the other hand shows very close agreement during the
same period. The coolest maximum and minimum temperature (TXn and TNn) show considerable spread during
December-March. The spread is much higher for the TNn compared to TXn.
With the warming of the climate, the number of cold night (TN10p) and number of cold days (TX10p), both show
decreasing trend over time for all months (Figure 6 a, c). Except for the month of July at SWL 4°C, not only the

magnitude of the ensemble median but also the spreading among the models are projected to decrease for these
two indices. On the other hand, warm days (TX90p) and warm nights (TN90p) are projected to increase over time
very rapidly with SWLs (Figure 6 b, d). The change in warm nights are found to scale with the warming levels well
compared to the warm days. For instance, the TN90p at winter is 21.97, 36.72, 71.87 respectively at SWL of 1.5, 2
and, 4°C. The scaling nature is also true for the warm days except the monsoon season when abrupt change is
projected. This abrupt change is also noticed in diurnal temperature range (DTR). During the monsoon season the
MME mean DTR is projected to increase by 0.12°C. At all other warming levels, the seasonal DTR is found to
decrease with increasing warming. An abrupt decrease in the mean precipitation during the monsoon at 4°C SWL
is also noted in the context of this finding.

Figure 6. Same as Figure 5 for - (a) cold night (TN10p), (b) warm nights (TN90p), (c) cold days (TX10p) and, (d)
warm days (TX90p).

In seasonal and monthly timescales, the magnitude of areal averaged 1-day and 5-day maximum rainfall is small.
Except the winter season both of the indices are found to increase with warming. While the variability among the
ensemble member is noticeable during the pre-monsoon and monsoon seasons, it is important to observe that
the range of variability among climate models changes between positive and negative. As rainfall is a discrete
variable over space it is required to examine the changes in RX1 and RX5 spatially rather than areal average to get
a complete picture.

Figure 7. Same as Figure 6 for the (a) 1-day maximum rainfall (RX1) and, (b) 5-day maximum rainfall.

Spatial pattern
The spatial change of the 1-day and 5-day maximum rainfall relative to baseline period at specific warming levels
are presented in Figure 8. The units of the baseline are same as the unit listed in Table 2. The change compared to
the baseline is reported in percentage. In baseline scenario, both of the indices shows a gradual change of highest
rainfall in the northeast region to the lowest in the southwest. At 1.5°C both indices show very negligible changes
in the central region of the country. The north and eastern boundary regions are projected to see about 20 and
10% increase respectively for RX1 and RX5. At 2°C warming, the scenario changes for the central region of the
country keeping the change in northern and eastern part of the country relatively same. At 4°C, the northeast
region as well as the southeast hill-tracts are projected to see about 30 and 20% increase in RX1 and RX5
compared to baseline scenario. The northeast region is prone to severe flash flood (Mirza 2002), while in recent
years’ hill-tract region experienced severe landslides (Ahmed 2014). This projected increase in RX1 and RX5
invariably increase the potential for such events over this region.

Figure 8. Spatial distribution and percent change at 1.5, 2, and 4°C SWL compared to the baseline period for the 1day and 5-day maximum temperature.

The spatial distribution of baseline value and change of wet day total precipitation (PRCPTOT), and annual total
precipitation greater than the 99th percentile (R99p) is presented in Figure 9 to illustrate the overall scenario of
the rainfall extremes. Both of these figures conforms to the already illustrated fact - northeast region receives the
highest rainfall in Bangladesh. The total wet-day precipitation (PRCPTOT) is projected to decrease in the very
south of the country. Similarly, the maximum number of wet days (CWD) also shows decreasing spatial pattern in
the south. However, the extremely wet days shows an overall increase with warming. All of these suggests a shift
in the distribution of the precipitation events to the upper tail. At 4°C warming, total extremely wet day
precipitation is projected to become more than double in the north and northeast corner of the country. At 1.5
and 2°C the change is about 30 and 50% respectively.

Figure 9. Same as Figure 8 except for extremely wet days (R99p), total wet day precipitation (PRCPTOT),
consecutive wet days (CWD) and consecutive dry days (CDD).

The decrease in the consecutive wet days are accompanied with the an overall well marked increase in the
consecutive dry days. The northwest part of the country is drier than the other parts and also projected to
experience least of change. The most prominent change is projected for the northeast and southern part of the
country with an average percentage change of 15 and 25% for 2 and 4°C. At 1.5° the overall change is not more
than 10 percent.
The spatial change in percentile indices is much straightforward compared to the rainfall indices and as presented
in Figure 10. The average number of days are almost equal for all four indices, namely, TN10p, TN90p, TX10p,
TX90p and in the range of about 10 percent. The changes at SWLs are however varies from one place to another.
The warm indices (TN0p, TX90p) shows overall increase with as high as seven to eight times as the baseline
values. The change in warm nights is spatially more uniform than the warm days. For the later one, the southern
part of the country is projected to experience more change than the northern part of the country. The both of the
cold indices shows gradient of change which decreases with higher latitude. The range of the change is almost
equal between these two indices. However, the change in cold nights are more prominent than the change in the
cold days.

Figure 10. Same as figure 8 except for cold nights (TN10p), warm nights (TN90p), cold days (TX10p), warm days
(TX90p).

Probability distribution
To aid the results already discussed in the preceding sections and to better understand the change in the
distribution of the rainfall indices, the probability density functions are evaluated for R99p, R95p, PRCPTOT, CDD
and CWD. The densities are calculated for the areal average values of the aforementioned indices at yearly time
scales. The horizontal axis shows the value of the indices and the vertical axis reports the densities after
smoothing using a Gaussian kernel.

Figure 11. Probability density function for (a) R99p, (b) R95p, (c) PRCPTOT, (d) CWD and, (e) CDD.

R95p, R99p and PRCPTOT – all three indicators show an overall increase or rightward shift from the baseline at
4°C. The distribution pattern at 1.5 and 2°C is almost similar and shows about the same rightward shift from the
baseline distribution. The rightward shift for these indicators signify that the distribution is shifting toward more
intense rainfall. The consecutive wet days (CDW) shows very negligible change compared to the consecutive dry
days (CDD). Similar to the first three indices, CWD shows increased probability for higher number of dry days.
However, the mean value does not show noticeable shift from the baseline period.

Figure 12. Seasonal probability density function for RX1 and RX5.
From seasonal density functions for the 1-day and 5-day maximum rainfall it is seen that during the winter season
density is focused at a point with very high probability and does not changes much with warming. During the
monsoon and post-monsoon season density function shows flatter curve with mild right shift with increasing
probability for the events in the tail. Opposite picture is found for the pre-monsoon season where the change in
the mean value of the distribution is leftward with prolonged tail at 4°C. In general, the probability for extreme
rainfall events increases with increasing warming of the globe.

Conclusion
This study investigates the changes in the extreme rainfall and temperature indices over Bangladesh at global
warming levels of 1.5, 2 and 4°C compared to a baseline period 1986-2005. The spatial and temporal change is
evaluated for a number of ETCCDI recommended indices using high-resolution bias corrected ensemble
projection. A multi-model ensemble projections allows us to account for the inherent uncertainties related to
representation of physics. Thus, it is recommended to redo this exercise with larger ensembles to get an even
clearer picture of the uncertainties. The changes of extreme climate indices have been analyzed in seasonal and
monthly timescales. To understand the spatial variability, we have also analyzed the ensemble average spatial
change compared to the baseline. The change in the distribution is studied with the aid of probability density
functions.
In temporal scales, we have found warming in all temperature indices with most pronounced trend for minimum
temperature. The change in rainfall indices shows not much trend when spatially averaged. However, spatially the
change is most prominent for the Northeast region of the country. The probability plot of rainfall indices suggests
that the areal average total rainfall is expected to increase in all season while dry days are projected increase. This
indicates the increase in extreme rainfall events, which may lead to devastating events like flash flood, landslides.
It is interesting to note that the northeast region of the country is projected to see most increase in intense
rainfall as well as more dry days in a warmer climate. Thus, this area needs spatial attention and thorough
investigation.
The understanding of the change in temperature and rainfall extremes are very important for Bangladesh to
device suitable and effective policies to adapt with the climate change and related impact. However, these

policies must take into consideration the range of uncertainties in the projections as showed in the study to make
informed decision to make the adaptation measures robust and sustainable. Finally, this study urge for future
studies to be undertaken for more area specific evaluation of the climate extremes to better connect with the
disasters caused by them.

References
Ahmed, B. (2014) Landslide susceptibility mapping using multi-criteria evaluation techniques in Chittagong
Metropolitan Area, Bangladesh Landslides, Springer Nature, 12, 1077-1095
Alexander, L. V., & Arblaster, J. M. (2017) Historical and projected trends in temperature and precipitation
extremes in Australia in observations and CMIP5. Weather and Climate Extremes, 15, 34-56.
Basher, M. A., M. A. Stiller-Reeve, A. K. M. S. Islam, and S. Bremer (2017) Assessing climatic trends of extreme
rainfall indices over northeast Bangladesh. Theoretical and Applied Climatology, doi:10.1007/s00704-0172285-4.
Becker, R. A., Chambers, J. M. & Wilks, A. R., (1988) The new S language, Pacific Grove, Ca.: Wadsworth & Brooks,
1988
Boucher, O., Bellassen, V., Benveniste, H., Ciais, P., Criqui, P., Guivarch, C., Treut, H. L., Mathy, S. & Séférian, R.
(2016) Opinion: In the wake of Paris Agreement, scientists must embrace new directions for climate
change research, Proceedings of the National Academy of Sciences, Proceedings of the National Academy
of Sciences, 113, 7287-7290
Bürger, G., Murdock, T. Q., Werner, A. T., Sobie, S. R. & Cannon, A. J., (2012) Downscaling Extremes-An
Intercomparison of Multiple Statistical Methods for Present Climate, Journal of Climate, American
Meteorological Society, 25, 4366-4388
CEGIS (2012) Master plan of the haor area, Bangladesh Haor and Wetland Development Board (BHWDB),
Summary Report, Volume II, Ministry of Water Resources, Government of Peoples Republic of
Bangladesh.
Chen, J., Gao, C., Zeng, X., Xiong, M., Wang, Y., Jing, C., Krysanova, V., Huang, J., Zhao, N. & Su, B. (2017) Assessing
changes of river discharge under global warming of 1.5°C and 2°C in the upper reaches of the Yangtze
River Basin: Approach by using multiple- GCMs and hydrological models, Quaternary International,
Elsevier BV, 453, 63-73
Frank, S., Havlík, P., Soussana, J. F., Levesque, A., Valin, H., Wollenberg, E., ... & Smith, P. (2017). Reducing
greenhouse gas emissions in agriculture without compromising food security?. Environmental Research
Letters, 12(10), 105004.
Friedlingstein, P., Andrew, R. M., Rogelj, J., Peters, G. P., Canadell, J. G., Knutti, R., ... & Le Quéré, C. (2014).
Persistent growth of CO2 emissions and implications for reaching climate targets. Nature
geoscience, 7(10), 709-715.
Hulme, M., (2016) 1.5 C and climate research after the Paris Agreement, Nature Climate Change, Springer Nature,
6, 222-224

Islam, N., Uyeda, H., Ferdousi, N. & Abdullah, S., (2009) Understanding the rainfall climatology and detection of
extreme weather events in the SAARC region part II utilization of RCM data, A collaborative research
project between Synoptic Division of SMRC and HyARC of Nagoya University. Dhaka. SAARC
Meteorological Research Centre (SMRC).
Khan, M.J.U., Islam, A.K.M.S., Das, M.K., Mohammed, K., Bala, S.K., Islam, G.M.T., (2017) Observed trends in
climate extremes over Bangladesh from 1981 to 2010, Climate Research (Under review).
King, A. D., Karoly, D. J. & Henley, B. J., (2017) Australian climate extremes at 1.5 °C and 2 °C of global warming,
Nature Climate Change, Springer Nature, 7, 412-416
Lehner, F., Coats, S., Stocker, T. F., Pendergrass, A. G., Sanderson, B. M., Raible, C. C. & Smerdon, J. E., (2017)
Projected drought risk in 1.5°C and 2°C warmer climates, Geophysical Research Letters, Wiley-Blackwell,
44, 7419-7428
Monirul Qader Mirza, M. (2002) Global warming and changes in the probability of occurrence of floods in
Bangladesh and implications, Global Environmental Change,12, 127-138
Nowreen, S., Murshed, S. B., Islam, A. K. M. S., Bhaskaran, B. & Hasan, M. A., (2014) Changes of rainfall extremes
around the haor basin areas of Bangladesh using multi-member ensemble RCM, Theoretical and Applied
Climatology, Springer Nature, 119, 363-377
Nowreen S et al (2012) An indicator of climate change in the south west region of Bangladesh. Int J Clim Chang:
Impacts Response 4(3), 47–60
Schleussner, C.-F., Rogelj, J., Schaeffer, M., Lissner, T., Licker, R., Fischer, E. M., Knutti, R., Levermann, A., Frieler,
K. & Hare, W., (2016) Science and policy characteristics of the Paris Agreement temperature goal, Nature
Climate Change, Springer Nature, 6, 827-835
Shahid, S., (2009) Spatio-temporal variability of rainfall over Bangladesh during the time period 1969–2003. Asia
Pac J Atmos Sci, 45,375–389
Shahid, S. (2010) Trends in extreme rainfall events of Bangladesh. Theoretical and Applied Climatology, 104, 489–
499, doi:10.1007/s00704-010-0363-y.
Sillmann, J., Kharin, V. V., Zwiers, F. W., Zhang, X. & Bronaugh, D., (2013) Climate extremes indices in the CMIP5
multimodel ensemble: Part 2. Future climate projections, Journal of Geophysical Research: Atmospheres,
Wiley-Blackwell, 118, 2473-2493
Spinoni, J., Vogt, J. V., Naumann, G., Barbosa, P. & Dosio, A. (2017) Will drought events become more frequent
and severe in Europe?, International Journal of Climatology, Wiley-Blackwell.
Piontek, F., Müller, C., Pugh, T. A. M., Clark, D. B., Deryng, D., Elliott, J., de Jesus Colón González, F., Flörke, M.,
Folberth, C., Franssen, W., Frieler, K., Friend, A. D., Gosling, S. N., Hemming, D., Khabarov, N., Kim, H.,
Lomas, M. R., Masaki, Y., Mengel, M., Morse, A., Neumann, K., Nishina, K., Ostberg, S., Pavlick, R., Ruane,
A. C., Schewe, J., Schmid, E., Stacke, T., Tang, Q., Tessler, Z. D., Tompkins, A. M., Warszawski, L., Wisser, D.
& Schellnhuber, H. J. (2013) Multisectoral climate impact hotspots in a warming world, Proceedings of the
National Academy of Sciences, Proceedings of the National Academy of Sciences, 111, 3233-3238

Weedon, G. P., Balsamo, G., Bellouin, N., Gomes, S., Best, M. J. & Viterbo, P. (2014) The WFDEI meteorological
forcing data set: WATCH Forcing Data methodology applied to ERA-Interim reanalysis data, Water
Resources Research, Wiley Online Library, 50, 7505-7514
Zhang, X. & Yang, F., (2004) RClimDex (1.0) user manual, Climate Research Branch Environment Canada, 22.
Zhang, X., Alexander, L., Hegerl, G. C., Jones, P., Tank, A. K., Peterson, T. C., Trewin, B. & Zwiers, F. W., (2011)
Indices for monitoring changes in extremes based on daily temperature and precipitation data, Wiley
Interdisciplinary Reviews: Climate Change, Wiley-Blackwell, 2, 851-870

Chapter 4 Spatiotemporal Change of Drought
in Bangladesh under Extreme Climate
Scenario
Introduction

Drought is one of the costliest of all natural disaster (Wilhite 2000). It is very rare kind that sometimes passes by
without even noticing it (Shaw and Nguyen 2011). Unlike all other disastrous events like floods, cyclones,
earthquake, or thunderstorm, the damage due to drought is mostly nonstructural and the onset and occurrence
of drought are very hard to detect. Drought starts very slowly with the seizure of rain or snowfall over an area.
Days passes by and the atmosphere loses its ability to provide for the potential evapotranspiration requirement.
The crops and trees start to suffer from the deficiency of water. The lakes and river get drier and drier. The
groundwater gets depleted for increased extraction of water. At a point freshwater becomes harder to collect,
the prices for agro-products go up and society goes through a crisis (Koster 2004, Shaw Nguyen 2011). Drought
ends with a rain, however, in the meantime crop production and farming face damages from this event which can
sustain for a more prolonged period (Slegers 2008). There is no definition of drought that every community
agrees upon (Palmar 1965, Dracup et al. 1980, Wilhite and Glantz 1985, Wilhite 2000, Tate and Gustard 2000). It
varies from discipline to discipline and to the geographical area of interest (Wilhite and Glantz 1985, Wilhite
2000). The variability of the climate as well as social condition is the reason behind region specific nature of
drought. In simple definition, drought is the deficiency of precipitation. However, this definition fails to cover the
resulting stresses it makes on different natural and social system. Tannehil (1947) termed drought as a creeping
phenomenon. Paulo et al. (2012) termed drought to be both a disaster and hazard. He argued that it is a hazard
because of the uncertainty related to the climate system.
Briefly, the definitions of drought can be divided into four groups. First, from meteorological point of view,
drought is the departure of precipitation from the climatological normal condition. Second category goes to
hydrologist, who uses drought to define an event where the competition from hydrologic elements gets
intensified due to lack of precipitation (Nalbantis et al. 2009). Hydrological drought is usually a basin scale
phenomenon initiated by rainfall deficit. The level of lakes and reservoir indicates the severity of this kind of
drought. The third one, agricultural drought can be defined as the deficiency of soil and groundwater which
creates stresses for the crops. It can be the result of both meteorological drought and hydrological drought or one
of them. In the fourth category, social scientists and economists term an event as drought when the weatherrelated shortage of water supply creates demand for economic goods more than its supply (Wilhite 2000). Over a
geographic area, drought can be thought as a condition of water scarcity for an extended period emerged from
low precipitation, high evapotranspiration, and overexploitation of water resources (WMO 2006). A drought
event can be caused by all kinds of combinations of reasons. However, it is to be stressed here the fact that all
kind of droughts are different spans of the same natural event, which is the deficiency of the rainfall (Shaw and
Nguyen 2011). The only thing that is different from one form to another is the time scale. In other words,
identification and analysis of meteorological drought in different time scale can give clues about possible extent
of different kinds of drought.

Direct estimation of drought-related variables, for example, soil moisture (Robock et al. 2000), are very limited in
numbers. Rainfall anomaly gives an indication of possible drought affected area. However rainfall anomaly is not a
normalized indicator and regionally not comparable. Indices play a very important role in monitoring and
systematic identification of drought (Dai 2013). There are several indices developed all over the world to address
different issues. Most notable of them are Standardized Precipitation Index (SPI) (McKee et al. 1993),
Standardized Precipitation Evaporation Index (SPEI) (Vincente-Serrano et al. 2010), Soil Moisture Index (SMI)
(Nam et al. 2012), Multivariate Standardized Drought Index (MSDI) (Hao 2013), Palmer Drought Severity Index
(PDSI) (Palmer 1965) etc. When selecting an index, it should be remembered that the chosen proxy (e.g.
precipitation, evapotranspiration etc.) and time scales can significantly affect the perception of the severity of the
drought events (Sheffield et al. 2009).
In the global sense, SPI is the most widely used index which is based only on the amount of precipitation and a
mathematical formulation allows relatively easier calculation. The index is applicable globally and can capture the
multi-scalar features of drought SPI is solely based on precipitation, which assumes no change in temperature
distribution. In other words, it does not account for the potential evapotranspiration requirement SPEI overcomes
this drawback of SPI Instead of using precipitation, SPEI uses the climatic water balance to measure the deviation
from the normal condition. Such metric is particularly important in a warming climate (Vincente-Serrano et al.
2010, Núñez et al. 2014, Zarch et al. 2015). Sc-PDSI and SPEI both considers the temperature when evaluating the
drought condition. However, SPEI provides timescale feature which is quite valuable in drought evaluation
(Vincente-Serrano et al. 2010). PDSI is a widely-used index in the United States. However, the formulation of PDSI
does not address the multi-timescale nature of drought. Hence, we have utilized the SPI and SPEI to assess the
drought condition of Bangladesh in a warmer world.
Although floods and cyclones attract the most attention from the researchers, drought afflicts Bangladesh as
often as floods or cyclone (Brammer 1987, Alexander 1995). Brammer (1987) speculated that in Bangladesh
drought occurs once every five years. More recent research is reporting even more frequent occurrences, as high
as once in two and a half years (Hossain 1990, Adnan 1993, Ericksen et al. 1993, Paul 1998, Shahid and Behrawan
2008, Dash et al. 2012, Mondol et al. 2017). Major drought events are recorded in 1973-1976, 1978-1979, 19811982, 1992, 1994-1995 (Paul 1998, BBS 1996). The basis of the identification of these droughts is not the
meteorological anomaly but the stresses and losses from agricultural production, i.e., agricultural drought.
Rahman and Lateh (2006) extended the list using SPI calculated from observed precipitation and pointed out that
1997, 1999, 2004, 2006 and 2009-2010 were also severely drought-affected years. A similar result has been
reported by Mondal et al. (2017).
Several studies have been conducted covering the drought conditions and the agricultural and social impacts of
drought for selected drought events of Bangladesh (Brammer 1987, Paul 1998). These studies focus on the
adaptation measures practiced by farmers in drought prone areas. Similar studies have been performed by
Habiba et al. (2012) and Alam (2015) in recent years. They showed that farmers from the lower socio-economic
group suffer more from drought than others. Agricultural adjustment can reduce some of the damages. However,
it requires financial support and directions for the farmers from government agencies. More importantly, it
requires early recognition of a drought event and prompt action. To facilitate the agencies with knowledge of
risky areas Karim et al. (1990) prepared an agricultural drought risk map for pre-monsoon period. WARPO-EGIC
(1996) prepared maps for winter and pre-monsoon using agro-ecological zones database and land resources map.
Following the further development of the methodologies, Karim and Iqbal (2001) produced drought risk maps for
winter, pre-monsoon, and monsoon seasons. They have also related drought risk classes to yield losses. For four
drought classes - slight, moderate, severe, and very severe, the respective percent yield losses for different crops
are 15-20, 20-35, 35-45, and 45-70 percent. However, these studies address the meteorological drought but do

not employ any standard drought index method. Shahid and Behrawan (2008) carried out a drought risk
assessment using SPI for the western part of Bangladesh. Rahman and Lateh (2016) conducted an analysis on 3monthly SPI of January and 3 and 6 monthly SPI of April. Using meteorological station data to calculate SPI, they
have identified historical drought events and their extent in a GIS environment. These studies concluded that
northern and northwestern parts of Bangladesh are currently at the highest risk. This conclusion also supports the
traditional idea of North Bengal being the most drought prone area of Bangladesh (Shahid and Behrawan 2008).
Global warming and the associated changes in the climatology of temperature and rainfall in the observed
frequency and severity has increased in many parts of the world (Solomon et al. 2007, He et al. 2013). According
to IPCC (2014) report (Pachauri et al. 2014), the predicted climate trend shows a worldwide temperature rise
between 0.3 and 4.8 degrees. Warming of the globe can impact several aspects including the weather, the
hydrology, the ecology and the environment. In general perspective, the developing countries are more likely to
be affected by the climate change related impact. This vulnerability is associated with the low capacity of these
countries to adapt to the changes. IPCC (2014) reports significant observed trends in temperature and rainfall all
over the globe, however, the global average and regional average rate is not similar. Due to regional and local
geographical features, local climate may face very different change than the global average change. This asks for
the assessment of climate change and related impact studies in local scales to better understand the variability of
the projected climate and the mechanisms that are in place.
Like many other developing countries, Bangladesh is likely to face a very big challenge from climate change (IPCC
2007). The climate is appeared with more unpredictable nature recently (Rahman 2013). Regionally the climate
models predict a higher rate of warming for Bangladesh which may be continued for the decades to come
(Ahmed and Warrick 1996, Shahid 2010, Rahman and Lateh 2016). The threat is aggravated by the very dense
population and an economy based on agriculture. Agriculture needs water and suitable climate. A change in
climate and the associated change in rainfall and temperature can lead to intensified droughts, floods, tornadoes,
tidal surges, and salinity, which can, in turn, impact the agricultural production as well as overall development.
Drought is obviously one of the most important of these disasters due to its inconspicuous nature and severity of
loss.
The losses caused by drought is not readily visible to general people for its concealed appearance. However, it has
been showed that droughts cause more losses than floods (Ramsey et al. 2007, World Bank 1998). Brammer
(1987) argued in relation to an agricultural country like Bangladesh, drought not only cause greater loss of crops
but also covers a wider area and affects more farmers. In this context, it is imperative to know the likely changes
in the condition of drought. As described in the previous paragraph, several studies have explored the situation of
drought, all of them are in a historical timeframe. However, this paper focused on the analysis of future drought
in Bangladesh under the high emission pathways of RCP 8.5. This pathway represents the future world with the
highest emission scenario of greenhouse gas and no application of mitigation measures. Hence it serves for
baseline situation of business as usual as suggested by Riahi et al. (2011). The objective of this study is to find out
the impact of temperature and precipitation change on drought identification and assessment of future
spatiotemporal variation of drought condition over Bangladesh. This can be helpful for farmers, legislators, donor
agencies and all the other stakeholders to obtain an initial idea into the future and prepare for the coming
decades in policy level. This understanding is also expected to increase our ability to plan, implement and manage
the water resources for a sustainable agricultural and environmental system.

Data and Methods
Study Area
Bangladesh is a small country in South-Asia located in the tropic of cancer. The region extends from 20°34' to
26°38' north latitude and 88°01' to 92°41' east longitude. The country covers an area of 147,570 sq. km. Except
for the Bay of Bengal in the south and a small boundary in the southeast with Myanmar, the country is
surrounded by India (Figure 1).

Figure 1. Topography map of Bangladesh in meters. Inset shows the location of Bangladesh in South Asia.

Bangladesh is mostly flat land except for some hilly regions in the north-east and southeast. Some region in northwestern part is a little higher than the remaining flat parts of the country. The region has a very dense river
network and outlet to three major river basins, namely the Ganges, the Brahmaputra and the Meghna. There are
about 230 rivers in Bangladesh and most of the rivers flow from north to south. The Ganges is the largest of these
three basins. It collects water from a large area in India and enters Bangladesh through Rajshahi district. Then it

merges with the Jamuna near Rajbari district. The second river, Brahmaputra enters the country through
Kurigram district. After merging with the Ganges, these two rivers merged into the Meghna River in Chandpur.
The Meghna basin collects water from just outside Bangladesh in northeast region. Unlike two other basins, the
trans-boundary rivers in the Meghna basin are much steeper and has a flashy characteristic. Being a delta of these
rivers most of the country is essentially a large floodplain and the soil characteristics have a reflection of that. For
the same reason, most of the country is very fertile, can grow crops and have a high agriculture-dependent
economy.
Although culturally there are 6 seasons in Bangladesh, according to the climate report published by Bangladesh
Meteorological Department (BMD) there are four distinct seasons (Khatun et al. 2016). These are the winter or
Northeast Monsoon from December to February, the summer or Pre-Monsoon from March to May, the
Southwest Monsoon from June to September and the autumn or Post-Monsoon from October to November. The
Southwest monsoon season is also known as the rainy season. The season names accentuate the command of the
monsoon in the region. Agriculturally the season are divided into three-time chunk – Rabi, Pre-Kharif and Kharif.
The Rabi season is from January to March, Pre-Kharif is from April to June and Kharif is from July to September.
Rabi season starts with the cease of the monsoon rain and covers till the March of next year. The crops in this
time is mostly irrigated (e.g., the boro rice), or crops which requires very limited irrigation (e.g., the wheat). The
Pre-Kharif and Kharif season covers mostly the rain-fed crops – when the soil moisture supply from the soil is high
enough to produce crop without irrigation.

Datasets
We have used the precipitation and temperature projections from an ensemble of 11 regional climate model
(RCMs) driven by 8 global climate model (GCMs) as input dataset. Only the high-end extreme scenario at RCP 8.5
was considered to capture the extreme climate change conditions. It is well known that the model simulated
projections may have systematic biases due to physical parameterization and approximation in schemes.
Especially, the precipitation estimation shows a drizzle phenomenon, i.e., predicting rain when there is none.
Under the initiative of the CORDEX project (Giorgi and Gutowski 2015), a multi-segment statistical bias correction
method was applied to the raw climate model data to overcome this issue (Grillakis et al. 2013). A hybrid dataset
developed for the Inter-Sectoral Impact Model Integration and Inter-comparison Project (ISI-MIP) was used for
bias correction (Warszawski et al. 2014). The dataset is a combination of Watch Forcing Data (Weedon et al. 2010)
and Watch Forcing Methodology Applied to Era-Interim (Weedon et al. 2014). The corresponding reference
period was taken from 1981 to 2010. Before bias correction was applied, all data were interpolated to a common
WFD/WFDEI latitude-longitude grid at 05° spacing. Table 1 lists the ensemble member of the bias-corrected
climate projection used in this study.

Table 1. Ensemble members of the bias corrected climate projection dataset used for this study. In all cases only
the first realization of the GCM has been used.
No.

ID.

Driving GCM

RCM

Grid Size

1

R1

ACCESS1-0

CSIRO-CCAM-1391M

0.50x0.50

2

R2

CCSM4

CSIRO-CCAM-1391M

0.50x0.50

3

R3

CNRM-CM5

SMHI-RCA4

0.50x0.50

4

R4

CNRM-CM5

CSIRO-CCAM-1391M

0.50x0.50

5

R5

EC-EARTH

SMHI-RCA4

0.50x0.50

6

R6

CM5A-MR

SMHI-RCA4

0.50x0.50

7

R7

MIROC5

SMHI-RCA4

0.50x0.50

8

R8

MPI-ESM-LR

CSIRO-CCAM-1391M

0.50x0.50

9

R9

MPI-ESM-LR

MPI-CSC-REMO2009

0.50x0.50

10

R10

MPI-ESM-LR

SMHI-RCA4

0.50x0.50

11

R11

GFDL-ESM2M

SMHI-RCA4

0.50x0.50

Standardized Precipitation Index (SPI)
SPI is the recommended standard drought index by the World Meteorological Organization (WMO 2009, Zarger et
al. 2011). The index was developed by McKee et al. (1993) to monitor the deviation of rainfall from the climatic
normal at multiple time scales (1-, 3-, 6-, 12-, 24-, and 48-months). Mathematically, to calculate SPI, historic
monthly rainfall amount (P) is fitted to a suitable probability distribution. The cumulative probability distribution
is then transformed to a standard normal distribution to calculate SPI value.
In this study, precipitation distribution was fitted to a gamma probability distribution function defined as follows
(Eqn. 1).
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Where,
is the shape parameter and
is the scale parameter and
defines the gamma function.
The expected value of the random variable is represented by shape parameter times scale parameter. This
probability distribution was then represented by a cumulative probability distribution function as follows (Eqn. 2).
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It is to be noted here that Gamma function is not defined for 0, however zero rainfall can occur. To consider for
this the cumulative distribution was calculated as (Eqn. 3) .

H ( x)  q  (1  q)  G( x)

(3)

Where, probability of zero rainfall is
and unit standard deviation.

Converting this to standard normal distribution yields SPI with its mean in 0

Standardized Precipitation Evapotranspiration Index (SPEI)
SPEI uses monthly potential evapotranspiration (PET) and total monthly precipitation (P) as input parameters A
detailed description of the SPEI calculation can be found in Vicente-Serrano et al. (2010) In this study, the climatic
water balance (D) was calculated as the difference between precipitation and potential evapotranspiration.

The potential evapotranspiration was calculated using Thornthwaite method (Thornthwaite 1948) for its
simplicity It only requires the latitude and the average temperature of the station as input parameter. The
monthly evapotranspiration in mm was calculated with the equation (Eqn. 4)-

 10T 
PET  16C 

 I 

a

(4)

where T is the monthly mean temperature in °C The parameter

was calculated as follows (Eq. 5)-

a  0.000000675I 3  0.0000771I 2  0.01792I  0.49239

t
i 
5
Where, I is termed as heat index which is the summation of the quantity

(5)
1.514

for 12 months. The factor C
considers for the mean possible duration of sunlight It was calculated as a function of the latitude and month of
the year.
After calculating water balance, normalization was done using log-logistic distribution to get SPEI Log-logistic is a
three-parameter distribution described with the following expression (Eqn. 6) –
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The scale, shape and origin is expressed here through α, β and γ respectively. The origin parameter is such that
climatic water balance, D always lies between γ and infinity. Thus, the probability distribution function of this
distribution is given by the following equation (Eqn. 7)

  
F ( x)  1

  x 




 
 

1

(7)

Same as gamma distribution in SPI, the parameters are fitted with unbiased Probability Weighted Moments
methods. Converting this fitted probability to a standard normal distribution gave the value of SPEI. Statistical
computing software R has been used for the analysis and a package called R has been used to calculate the
indices (Beguería and Vincente-Serrano 2013).
Due to the similarity in the philosophy, both the SPI and SPEI uses the same classification criteria to identify
different drought (McKee et al. 1993, Vicente-Serrano et al. 2010). The globally used classification of drought is
presented in Table 2.

Table 2. SPI and SPEI based drought classification.
Drought Category

SPI/SPEI Values

No drought

0 ≤ Index

Near normal/Mild drought

-1.0 < Index < 0

Moderate drought

-1.5 < Index ≤ -1.0

Severe drought

-2.0 < Index ≤ -1.5

Extreme drought

Index ≤ -2.0

The most important feature of the SPI and SPEI is the ability to mimic the time-scale nature of drought.
Mathematically they can be evaluated in any timescale starting from 1- month. However, the 1-, 3-, 6-, 12- and
24-months timescales are attested to be valuable in practice 1-month values indicate a short-term status, 3months index reveals a seasonal view and 12-months’ time-scale reflects the annual hydrological condition of
rainfall pattern. Short timescales are relevant for agriculture (1-, 3- and 6-months) whereas, long timescales are
suitable for hydrology (12-months) and socio-economic studies (24-months). In this study, 3- and 12-month time
scales are explored to assess the inter-seasonal and inter-annual drought condition respectively. In short
timescale, impact on agriculture is considered particularly to recognize the fact that Bangladesh is an agricultural
country where rain plays a very crucial role. With a drought, there comes the agricultural losses and subsequent
long-term socio-economic impacts.

Evaluation Indicators for Drought
For evaluation of drought, it is needed to define the starting and the ending of a drought based on the monitoring
index, in this case, SPI and SPEI. In this study, we have considered starting of a drought when the SPI/SPEI fall
below 0 and go beyond -1. The drought event ends with the return of the value to positive. Based on this
identification criterion for drought duration, the drought evaluation indices, namely severity and intensity are
defined.
Severity (S) is the absolute sum of all SPI/SPEI values over drought duration. The duration is the count of months
between the starting and ending of a drought excluding the last month when drought index became positive

again. The intensity of drought (Ie) is the average SPI/SPEI over the drought duration. Higher the intensity, more
severe the drought. In mathematical notations (Eqn. 8 and Eqn. 9) –
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i
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n
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Where, n is the number of months is a drought event index is either SPI or SPEI values during the drought
denoted by .

The average number of drought event per year for the study period is termed as the frequency ( ) of drought
event. With n and N being the number of drought event and number of years in the study period, F for a station is
calculated in percentage as follows (Eqn. 10) –

F

n
 100%
N

(10)

Results and discussion
This section is divided into three parts for logical segmentation the results. At first the representation of drought
is analyzed from climate model data coupled with drought indices. The historic time-slice (1981 – 2010) has been
utilized for this purpose. The differences between the SPI and SPEI has been stretch in the following sub-section.
Sub-section 3.2 shows the projected long term change in drought over Bangladesh. Sub-section 3.3 investigates
the future changes in seasonal drought condition particularly focusing on short-scale drought indices.

Drought and rainfall condition in the historic time slice
Figure 2 shows the rainfall anomaly over Bangladesh in the winter season during the historical period (1981 –
2010). The anomaly is calculated by taking average of the historic total rainfall amount in the target months and
then subtracting the field average from the individual values. A positive anomaly indicates a positive deviation
from the mean, where, a negative anomaly shows the opposite. It clearly indicates the region where the rainfall is
higher or lower than the average condition. The winter season is shown here particularly because historically at
this season Bangladesh receives a lot less rainfall compared to other season and shows a general dryness of the
hydrological elements (Shahid 2010). From the rainfall anomaly of the Rabi season, the north-east region
experience a more than average rainfall where the north-west region shows drier condition than the rest of the
country. A very small portion of the south of the country also gets much less rainfall compared to the country
average. A good agreement between the model results is also noted. Similar pattern of rainfall anomaly is also
observed in Kharif and Pre-Kharif season (See Supp. Figure 1 and 2).
The historical areal average rainfall is about 1410, 1050, and 100 mm in Kharif, Pre-Kharif and Rabi season. In Rabi
season, there is a marked deficiency of rainfall, and people should depend on the ground and surface water
sources for irrigation. Compared to agricultural season, meteorological season shows a slight difference. The
historical areal average rainfall is about 50, 550, 1950, and 230 mm for the winter, pre-monsoon, monsoon, postmonsoon respectively. The concentration of precipitation in the monsoon season is very clear from these values.

Reportedly, only 10% of the rainfall is concentrated in post-monsoon and winter season. About same amount of
rain is available for subsequent pre-monsoon season.

Figure 2. Rainfall anomaly over Bangladesh as simulated by the ensemble of 11 RCM in Rabi season (NovemberMarch) during the historic climate period (1981 – 2010). Similar map for Kharif and Pre-Kharif season is presented
in the supplement materials.

As mentioned earlier, the current practice in drought identification is by using an appropriate index. Two indices,
SPI and SPEI were utilized in this study, and the use of these indices in previous research has been discussed in
Section 2.3 and 2.4. As we are studying the future climate projection, the first question we asked was how well
the indices represent the observed drought in climate models. We have focused on the capability of models to
simulate the frequency of drought in observed period (1981 – 2010). We have compiled the drought events from
available research and reports and utilized the number to evaluate the skill. Figure 3 shows the number of
drought events calculated from the drought duration measurements in 12-month time scale. The 12-month time
scale has been selected on the basis of identifying drought events which may have caused the agricultural as well
and social problem enough to be noticed. It is also selected to reduce the variability, reflect the long-term trend
and for getting a spatially coherent result. The number of drought events irrespective of the time span has been
counted at the grid points and overlaid on the administrative map of the country. The number is then
interpolated using inverse distance weighting (IDW) for a smoother surface plot.

Figure 3. Number of drought events simulated by (a) SPEI (left panel) and (b) SPI (right panel) during the historical
period (1981-2010). A 12-month timescale is considered. A distinct color bar is chosen to have a vivid distinction
of a very small range of counts.
When calculating the number of events, we have taken multi-model ensemble mean frequency and multiplied by
the number of years in concern, i.e., 30 years. Both SPI and SPEI simulated the frequency of the drought
occurrence quite well as seen from the accounting. Among these two indices, SPI registered a few more drought
events compared to SPEI in this time span. From historical documents, 9 recorded years of drought can be found
from 1981 to 2010 which has already discussed in the Section 1. SPI-12 counts about 9 to 10 drought events
where SPEI-12 counts 6 to 8 drought events. The spatial pattern of the drought count is also clearly different. The
possible reason behind this might be related to the incorporation of evapotranspiration into the estimation of

drought index. To understand the effect of the evapotranspiration, yearly total potential evapotranspiration and
amount of rainfall compared to evapotranspiration was explored.

The time series of PET and Precipitation/PET for historic period are presented in Figure 4. Yearly PET and ratio of
PET and precipitation were calculated by taking the spatial average of yearly PET requirement and
PET/Precipitation. PET is an indicator for the water demand by the atmosphere. Since the amount of PET is
calculated solely from temperature, hence it also serves a proxy for temperature and associated change. The ratio
of precipitation and PET shows the ability of the atmosphere to provide for the evapotranspiration requirement.
A ratio of unity indicates that the water demand by the atmosphere is fully filled by the amount of precipitation
Lower values suggest that the rainfall was not sufficient to meet the demand.
In historic period (1981 – 2010), a clearly visible upward trend can be observed from the ensemble of yearly PET
requirement. Using a Sen’s slope model for monotonic trend detection, the slope of the line is about 4.68 mm. A
negative trend in the precipitation-PET ratio is also noticeable with a negative slope of 0.0024. These two figures
indicate that while the atmospheric requirement for potential evapotranspiration increased steadily, the
precipitation could not keep up with the trend and provided less with time. As the climatic water balance
distributes differently than the precipitation only, identification of drought is also becoming slightly different

Figure 4. Inter-annual variability of (a) Potential evapotranspiration and (b) Ratio of PET and Precipitation These
quantities are calculated by spatially averaging over the country. The shaded patch shows the ensemble
maximum and minimum values.

Previous studies showed the ability of SPI in detecting drought using meteorological station data and found good
agreement with the observed (Shahid and Behrawan 2008, Rahman and Lateh 2016). Above analysis using climate
data in the historical period showed the SPEI have the similar ability. Both indices predicted historical drought
frequency in climate models quite comparable to the observed. This agreement also indicates the climate model's
ability to reproduce monthly rainfall and temperature distribution quite well in bias-corrected form. It is to be
noted that, in historical context, SPEI is slightly underestimating the number of drought events. The discrepancy is
possible to appear due to the incorporation of evapotranspiration estimation. The cause is not easy to find out
due to the unavailability of historic evapotranspiration record and uncertainty related to the calculation of
evapotranspiration based on temperature.
Although SPI and SPEI have produced comparable results during the historic period, under a warming climate, the
result is insinuated to depart. To explore this question, the 12-monthly index value evaluated in December
starting from the historic period to the end of the twenty-first century was employed. The intent behind choosing
a large time scale was to capture the inter-annual variability of the hydrologic condition. Annual value is also
suitable to display when showing the trend for a very long time over an area. The country average value plotted
against time (1981-2100) for both SPI and SPEI is shown in Figure 5.

Figure 5. Ensemble time series of SPI (left panel) and SPEI (right panel) at 12-month timescale averaged over the
country. The red patch is the ensemble spread of the index values.

In Figure 5, the difference between the two indices in simulating future drought condition is strikingly vivid SPI
values manifest a negligible positive trend while a sharp negative trend was noticed for SPEI. As described earlier
SPI takes only rainfall as input where SPEI considers the climatic water balance as the metric for the water
availability.
We have plotted a box plot of Rainfall which presented in Figure 6 to further assess the rainfall variability. The
ensemble seasonal rainfall anomaly is calculated relative to the historical period of each ensemble. The two edge

of boxplot corresponds to 25th and 75th percentile of the data, where the middle bar indicates the median or 50th
percentile value.

Figure 6. The boxplot of seasonal rainfall anomaly in future time slices – Near Future (2011 – 2040), Mid Future
(2041 – 2070) and Far Future (2071 – 2100).
From Figure 6, the ensemble has manifested little or no seasonal change in precipitation, but shows an increasing
variability in future over Bangladesh. The variability range is almost similar for Pre- and Post-monsoon but the
former one shows more negative variability than the later. The variability is smaller for the monsoon period but
similar to the post-monsoon pattern. Because SPI is solely based on the rainfall, SPI shows a large variability in
Figure 5. On the other hand, the average temperature anomaly rises steadily for extreme emission scenario. As
SPEI considers both rainfall and the temperature, the trend is downward due to the combined effect of nearstationary rainfall and increasing temperature.
To investigate into the distribution of drought have plotted a density plot taking index value as the random
variable and presented in Figure 7. Four representative climatic periods were considered - baseline (1981-2010),
near future (2011-2040), mid-future (2041-2070) and far future (2071-2100) to assess the changes. The
distribution of SPI demonstrates the same information as Figure 5, i.e., SPI and its distribution do not change
much. On the other hand, the distribution of SPEI in future time slices shifts to the left.

Figure 7. Density distribution of SPI and SPEI values divided into 4-time slices – Baseline (1981 – 2010), Near
Future (2011 – 2040), Mid Future (2041 – 2070) and Far Future (2071 – 2100).
Mathematically, the SPEI values are standard normal random variable and they have an associated probability
value. For instance, an SPEI value of -2 has a probability of occurring only 5 in hundred. So, from Figure 5 in the
baseline situation described by SPEI, the probability of occurring a severe drought is only about 3 in thousand. As
time passes by the climate stabilizes it to a new normal condition so is the reason for the change in the
distribution. In near future period (2011-2040), the mean condition has found to be established in about an SPEI
value of -1 which can be considered starting of moderate drought condition compared to the baseline scenario.
Similarly, for mid future (1941-2070) and far future (1971-2100), the new normal mean condition is projected to
settled in about -15and -2 SPEI value. This means in future the climate is projected to be drier in hydrologic time
scale. From the above demonstrations, we have concluded that, in a climate change scenario where the future
climate is warmer than the baseline situation, it is imperative to use indices having the ability to simulate changes
in both precipitation and temperature, and SPEI is a viable improvement to currently used SPI.
This study only focuses the rainfall and temperature distribution of the study area. The change of hydrological
condition and interaction of three contributing river basins - The Ganges, the Brahmaputra, and the Meghna
might play a vital role in this matter. These three river basins collect water from a large area outside of
Bangladesh and discharge it to the Bay of Bengal through the Meghna River. The large volume of water carried by
the Ganges and Brahmaputra keeps the groundwater in a stable condition and keep the saline water intrusion in
check. It is well known from the past that if the peak discharge from the Ganges matches with the Brahmaputra
then the condition might trigger a big flood event like in 1998 (Islam and Chowdhury 2002). On the other hand, if
these river basins experience drought at the same time the combined effect might put a very strong impact on
water resources of the country. The increasing amount of ground water use combined with hydro-meteorological
drought will potentially cause serious depletion of water level which is bound to cause a crisis of water. The

scenario may get worse by the projected sea level rise and intrusion of saline water (Warrick et al. 2012). A
thorough investigation may reveal more information on the interaction of these mega-basins.
Drought condition also varies from season from season. To assess the seasonal condition in projected climate the
ensemble mean of time chunk median SPEI index evaluated at 3-month time scale at the end of the seasons is
considered. For instance, for winter we have taken 3-month SPEI in evaluated in January. The median SPEI index
shows the change of the central tendency of the drought over a specific period in future time slices. The spatial
variation of median SPEI is shown in Figure 8. For the same figure with SPI (see Supp. Figure 3).

Figure 8. Evolution of ensemble average of median SPEI-3 drought index in Bangladesh in all four seasons
evaluated for 4 time slices – Historic (1981-2010), Near Future (2011 – 2040), Mid Future (2041 – 2070) and Far
Future (2071 – 2100). Similar figure using the SPI-3 can be found in supplement (Supp. Figure 3).
It can be inferred from Figure 8 that the ensemble of the model predicts increasing drought all over Bangladesh.
Although the median value of the SPEI is considered here, the pattern of the drought affected area is in accord

with the consensus, i.e., north-western part of the country being the most drought prone area. The reason behind
using the median drought index value is to identify the shift of drought condition from one time chunk to another.
For instance, take monsoon season. In the historic time-chunk, almost the whole country shows a little wet
and/or near normal condition. It does not necessarily mean that there is no water deficiency in the monsoon, but
shows that climatically the median of the index is settled to a near-normal condition of water availability. It
means that, in a time series form we may be able to identify individual drought events, however, statistically the
central tendency of the area is near-normal condition Same logic is valid for all the other seasons.
According to the ensemble median, north-western, middle and north-eastern part of the country is relatively drier
than the rest of the country in historic period. In the upcoming near-future time slice, which we are currently
experiencing, will see a cone shaped increase of dryness. In subsequent future time slices, this condition just
intensified. In all time slices, the north-eastern part remains in normal wet condition. The reason behind this
wetness is due to the nearby hilly region and orographic rain events that occurs due to them. This intensification
of dryness may become detrimental for agriculture too. From agricultural point of view the winter season
coincide with the Rabi season. In Rabi season, the crops in Bangladesh are either heavily irrigated specially in the
low-lying region of North-East area or crops with low water requirement. The source of the irrigation is either
surface or ground water. In an intensified drought condition, both the surface and groundwater source is
expected to experience a serious water stress. Even in the contemporary period, a scarcity of groundwater is
being experienced almost in yearly basis in the north-western districts (Shahid and Hazarika 2010). The scarcity is
similar in the surface water resources too. Building of dams in the upstream for irrigation in India, heavy water
management is making the water a very scarce resource.
In the pre-monsoon season, an increasing dryness is forecasted progressing from the south-west part of the
country, covering the north-western part. The driest parts of the country are again the north-western part plus
the Sundarbans, the world’s largest mangrove forest, in the south-west and a part of the hilly area in the foot of
Chittagong. As before, the north-east shows relatively near normal condition. The pre-monsoon season mostly
covers Pre-Kharif season, when rain-fed crops are grown over Bangladesh. A deficiency of rainfall is certainly to
going to impact the food production of the country. Along with this deficiency, an array of natural disaster also
may appear. In 2016, Bangladesh experienced a 25-day long heat-wave all over the country in Pre-Monsoon
season. With the forecasted extended period without rain and longer day period, the severity of the heat-wave is
also expected to increase in future scenarios.
The least change is observed during monsoon season Monsoon is the most prominent climatic feature of the
region and sometimes not well captured by the models (Saha et al. 2014). CMIP5 Climate models projects an
increase in severity and frequency of the strong summer monsoon and weak winter monsoon with more intense
active or break spell (Sharmila et al. 2015). As Bangladesh and surrounding region already receives a very large
amount of precipitation from the monsoon season, the direct impact might not be so strong. Agriculturally, long
active and break spell may create harsh environment for the crops to grow. However, since, monsoon governs the
climate of the regions, it requires much focused and separate study on the secondary impact of the changes. The
post monsoon season which shows almost similar feature like monsoon season possibly because of their
proximity. However, with only about 230~250 mm average rainfall, rainfall deficiency in post-monsoon season
may hamper the cultivation of Rabi crops. Seasonal changes in the rainfall and drought pattern my force the
farmers to change their cropping pattern in the coming decades. Drier climate, short intense rain, subsequent
flash-floods and floods will certainly impart a great impact on the livelihood of the people in this region.

Conclusion
Drought in future climate condition not only depends on the precipitation but also on the temperature. Higher
temperature will impart more stress on the hydrologic elements even in an unchanged rainfall scenario. Two
indices employed here, SPI and SPEI, both can identify and predict the drought events for a relatively same
temperature distribution. However, in a futuristic condition where a temperature rise of 4-6°C is projected, the
change is not so similar. Only rainfall based index SPI is not able to capture the plausible situation. On the other
hand, SPEI, which incorporates the climatic water balance agrees with the perception of drought in a warming
climate. This study thus recommends the use of SPEI for identifying drought in a future climate scenario.
Bangladesh is a developing country with its status just updated to middle income. Due to urbanization as well as
industrialization, the country is currently undergoing a very rapid change in land-use pattern. The population is
also projected to increase in near future. With development comes the demand for water and consequently
increase in vulnerability to drought (Vörösmarty et al. 2000, Wada et al. 2013). In recent years, due to water
management in upstream of major rivers, Bangladesh is faced with a shortage of water supply in the winter
season. The rivers are losing their channel depth due to a low volume of water. Change in land use and covering
the land will make the groundwater recharge harsh and thus lower the groundwater level too. On the other hand,
increased water demand associated with development will put more demand on already overstressed
groundwater resource.
In extreme emission scenario, Bangladesh is likely to be affected by all types of climate change-related disasters
Increased flood, changed pattern of rainfall, sea level rise is already projected to appear more frequently. As
identified by SPEI in this study the condition of drought will also become more severe under projected climate if
we continue the same trend in the emission of greenhouse gasses.
In coming years, water resource is going to be one of the most vital resources of the world. In a world hijacked by
the climate change related threat, it is of utmost importance to address the issues that will shape the future
relationship with our climate.
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Chapter 5 – Sea level rise induced possible
permanent inundation patterns of the
Ganges-Brahmaputra-Meghna (GBM) delta.
Introduction

Bangladesh is a low-lying, riverine country located in South Asia with a coastline of 580 km on the northern coast
of the Bay of Bengal. Bangladesh is formed by a delta plain at the confluence of the Ganges (Padma),
Brahmaputra (Jamuna), and Meghna Rivers and their numerous tributaries and distributaries. The soft sediments
of the delta are very mobile, and the positions (planform) and hypsometry (cross section) of river channels is
subject to change year on year with net coastal change of 14.8 km2 between 1972 and 1840, and of 4.4 km2
between 1840 and 1984 (Allison 1998). Due to altering of the morphology of the river channel, erosion can cause
the position of the channels to change as islands accrete and erode (Rahman et al. 2011). Due to this changing
nature, it is necessary to update the bathymetry data from time to time for predicting tides accurately. The
majority of Bangladesh is comprised of extensive low-lying flood plains and this area has been recognized as being
highly vulnerable to sea-level rise (Nicholls et al. 1999). The Brahmaputra-Ganges-Meghna (GBM) river delta is
part of the lowland Bangladesh Plain where most land elevations are less than 5 m above sea level, and close to
mean sea level (MSL) at the south of the delta. Hence, coastal ﬂooding can be damaging to crops bringing saline
water inland, while river ﬂooding brings freshwater to leach dangerous salts out of the soil (Clarke et al. 2015).
Tides, particularly the overall tidal range are important to the growth of mangrove trees which will not survive if
their roots are submerged for long periods (Auerbach et al. 2015; Gopal and Chauhan 2006; Barbier 2012).
Located at the tropical-cyclone belt, the Ganges–Brahmaputra-Meghna delta also suffers from the destructions of
mangrove and ecosystem which has reduced flood protection and adversely effected the coastal communities
(Giosan et al. 2014).
Bangladesh is vulnerable to current coastal hazards and anticipated SLR because of its low elevation. Based on
global sea level data and modeling, Ericson et al. (2006) estimated that the SLR of the Bay of Bengal is the world's
highest, at 10 mm yr-1. The Northern Indian Ocean, which includes the Bay of Bengal, has also been reported to
experience a relatively high rate of SLR compared to other oceans globally (Han et al. 2010; Unnikrishnan 2007).
The study of SMRC (2003) found that the tidal level in Hiron Point, Char Changa and Cox’s Bazar rose by 4.0 mm
yr-1, 6.0 mm yr-1 and 7.8 mm yr-1 respectively. The rate of the tidal trend is almost double in the eastern coast than
that of the western coast. This difference could be due to attributed to the differential subsidence or uplifting of
land. Bhuiyan and Dutta (2011) made an attempt to assess the changes of the flood vulnerability in coastal zones
of Bangladesh due to potential sea-level rise. They have found that large uncertainties are associated with
regional to district level estimates of inundation which is due to the compounding effects of the variable rates of
uplift and sedimentation, river flooding and erosion.
Subsidence of the deltas is increasing the relative sea level which is often much higher than the sea level rise itself
(Day et al. 1995). In the past, many studies were conducted to derive the region-specific subsidence rates of this
delta. Higgins et al. (2014) using satellite and tide gauge data found that the rate of subsidence in Khulna is about
7 mm yr-1 and Patuakhali is about 3 mm yr-1 which is also very high. On the other hand, Sarker et al. (2011)
provided a very good indication about the range of subsidence for quite a longer period than reflecting short-term

perturbations. They found that the rate of subsidence is about 0.88 mm yr-1, 1.25 mm yr-1 and 1 mm yr-1 for the
western Ganges, Central Meghna and eastern Chittagong zone of the coastal tidal plains respectively.
Along with subsidence, sedimentation is another important factor influencing the coastal land dynamics (Pethick
and Orford 2013). Diversion of water from the river also plays an important role in sedimentation at the
downstream (Allison et al. 2012). Every year huge sediment loads of more than one billion tonnes originated from
the catchments of Ganges-Brahmaputra-Meghna rivers in India, China, Nepal and Bhutan, are transported to the
Bengal delta. The foreslope and backslope of the Himalayas are helping to drain this sediment from the GangesBrahmaputra rivers to form this delta (Goodbred et al. 2000). This sediment is carried westward by prevailing
currents and advected inland by monsoonal coastal setup and cyclonic events (Allison and Kepple 2001). From the
combined Ganges-Brahmaputra sediment budget of 1.08 billion, 7-13% sediment or 7.5 × 107 ton yr-1 sediment is
being stored in the lower delta plains of Ganges and Meghna (Allison and Kepple 2001). In the lower delta plains,
3.8 × 107 ton yr-1 is accumulating in the central parts of the delta and 3.7 × 107 ton yr-1 in the Sundarbans region
(Allison and Kepple 2003). Accretion and erosion is continuing at a higher rate in the Meghna, followed by Ganges
and then Meghna as suggested by historical evidence of satellite imagery through sediment input from the GBM
basin (Brammer 2014). Under natural conditions, sedimentation counteracts the sedimentation from the rivers at
high tide. However, within the polder areas, sediment accretion is impeded by the construction of embankments.
Most of the lower Meghna and some parts of Sundarbans is empoldered. Details map of the polder protected
areas in shown in the Fig. 1. However, some irregular sedimentation continued to occur from the breaching of
embankments for shrimp farming and by storm surges. A recent study also showed the cut of embankment below
New Orleans can reclaim about approximately 700–1200 sq. km. of new land in the Mississippi River Delta (Kim et
al. 2009). Nevertheless, the sedimentation rate in the Meghna remains higher than the Ganges. Syvitski et al.
(2009) gave an overall value of 2 mm yr-1 for the Ganges-Brahmaputra Delta. Rogers et al. (2013) provided the
vertical sediment accretion rates ranging from 5-10 mm for the Sundarbans, Khepupara and the Hatia.
Coastal zone of Bangladesh are also vulnerable due to tropical cyclone and storm surges. Almost every year,
cyclones originate from North Indian Ocean cross Bangladesh and adjoining West Bengal coast of India move in
the north or northeasterly direction. Catastrophic tropical cyclones with storm surges have taken place as recently
as cyclone Sidr in 2007 and cyclone Aila in 2009 with death tolls of 3363 and 190 persons respectively. However,
the Sundarbans mangrove forest located in the greater Khulna and part of Patuakhali district acts as a natural
barrier against the cyclones, storm surges and soil erosion. The Sundarbans is the feeding and breeding ground
for fish, shrimps and other aquatic species. The Sundarbans and the coastal zone of Bangladesh already facing
increasing salinity issues due to sea level rise. Salinity intrusion in the freshwater sources as well as in the soil,
threatening drinking water security as well as crop production of that area. Already, thousands of families have
left their homes in search of better habitat. The risks from adverse climate change are projected to rise,
increasing the risks of the already vulnerable population along the coast of Bangladesh.
Evidence for global mean SLR has been documented in all the assessments of the IPCC. Two major causes of SLR
were identified by IPCC (Church et al. 2011). The first one is the expansion of ocean water due to global warming
induced thermal expansion and the second one is the addition of ice water on the ocean from the land through
the melting of glacier ice sheets (Church et al. 2011). According to the Fifth Assessment Report of IPCC, for very
high emissions, a global sea level rise between 0.52 m and 0.98 m by the year 2100, while even with aggressive
emission reduction; a rise between 0.28 m and 0.61 m may occur. Regional variation is expected to be the
dominating factor over natural variability in sea level change by the end of 21st century (IPCC 2013). In the AR5 of
IPCC, projections of SLR for nine representative coastal regions including the Bay of Bengal have been given for all
the emission scenarios (IPCC 2013). The IPCC for the Bay of Bengal predicts SLR between 0.2 m to 1 m for low to
high emission scenarios in 2100. The Fifth AR notes that a collapse of the marine-based sectors of the Antarctic

ice sheet, if initiated, could potentially add up to a further several tenths of a meter of sea level rise that this
could be around 0.5 m. This additional amount, when combined with the upper limit of the Fifth AR highestemission-scenario (RCP8.5) likely range, gives a value of sea level rise by 2100 of around 1.5 m, not including
potential local variations or subsidence. Considering all these prediction, it is important to know the possible SLR
for 0.5 m, 1 m and 1.5 m to evaluate probable inundated areas.
The probable areas which are in a threat of inundation in the coastal zone of Bangladesh with SLR in near future.
In order to calculate this area of inundation due to SLR accurately, coastal model must be set up and validated for
this region. Simulations are carried out by means of the open source Delft3D model which is a widely-used 3D
modelling suite to investigate hydrodynamics, sediment transport and morphology and water quality for fluvial,
estuarine and coastal environments (Hydraulics 2006). The software is used and has proven his capabilities on
many places around the world. Delft3D has previously been successfully used in coastal applications by Lesser et
al. (2004), Elshorbagy et al. (2006), Horstman et al. (2013), van Holland et al. (2010) and Tung et al. (2009) etc. In
this context, this study takes an attempt to capture the spatial patterns of the inundation of Bangladesh using a
two-dimensional process based coastal model, Delft3D for 0.5 m, 1 m and 1.5 m sea level rise, respectively.

Fig. 1. Map of the polder protected areas in the coastal Bangladesh.

Study Area
Bangladesh, a flood plain delta, is a land of rivers and canals. The country slopes gently from north to south,
comprising about 710 km coastline. According to the Coastal Zone Policy (MOWR 2005) of the Government of
Bangladesh, 19 districts out of 64 are in the coastal zone covering a total of 147 Upazilas. Out of these 19 districts,
12 districts are contiguous with the sea or lower estuary directly. The coastal zone covers 47,201 km 2 land area,
which is 32 % of the total landmass of the country (Islam 2004). Water area covers 370.4 km from the coastline,
estuaries and the internal river water. The Exclusive Economic Zone (EEZ) is also treated as a coastal zone of its
own. The southern part of Bangladesh falls under the coastal zone that receives the discharge of numerous rivers,
including the Ganges-Brahmaputra-Meghna (GBM) river systems, one of the most productive ecosystems of the
world. Except Chittagong and Cox’s Bazar, all parts of the coastal zone are plain land with extensive river networks
and accreted land. Map of all districts which are considered under coastal area of Bangladesh is shown in Fig. 2.

Fig. 2. Coastal zone of Bangladesh and location of tidal gage stations used for model validation.

The total population living in the coastal zone is 38 million, i.e. 26.7% of the total population of the country (BBS
2011). Population density in the exposed coast is 482 persons per km2 as opposed to 1,012 for the interior coast.
Average population density of the zone is 743 per km2, compared with the national average of 839. Population
density of the interior coast is much higher than that of the exterior coast and the country’s average. Fishing,
agriculture, shrimp farming and salt farming are the main economic activities in the coastal area. The Sundarbans,
a mangrove forest, is a major source of subsistence for almost 10 million people (Islam and Haque 2004). Main
activities in the Sundarbans area are fishing, wood and honey collection. Moreover, the Sundarbans being the
largest mangrove forest in the world has very important role for ecological balance of southern coastal
environment of Bangladesh.

Methodology
Two-Dimensional Coastal Modeling using Delft3D
Simulations are carried out by means of the Delft3D model (Hydraulics 2006). Delft3D has been setup in two
dimension conditions as we are not studying the vertical mixing process. In particular, the hydrodynamic module
Delft3D-FLOW has been used. Delft3D-FLOW is a multi-dimensional hydrodynamic (and transport) simulation
program which calculates unsteady ﬂow and transport phenomena that result from tidal and meteorological
forcing on a rectilinear or a curvilinear, boundary ﬁtted grid. The Delft3D-FLOW model solves the Navier-Stokes
equations for an incompressible fluid, under the shallow water and the Boussinesq assumptions. The set of partial
differential equations in combination with an appropriate set of initial and boundary conditions is solved on a
ﬁnite difference grid. The time step for the hydrodynamic computation is selected equal to 5 min. Turbulence
effects are computed by means of the K-epsilon model. Horizontal background eddy viscosity and diffusivity are
set equal to 1 m2 s-1. It is indeed a 2D setup where grid resolution is constant 0.006° (approx. 666 m) both in X and
Y direction (documented in section 4.2).

Grid and Bathymetry
There is publicly available topographic data from The General Bathymetric Chart of the Oceans or GEBCO
(Weatherall et al. 2015), and ETOPO Digital Topographic Maps (NGDC 2016). These data sets are suitable in
deeper water offshore, but fail to capture the near shore and inland bathymetry within the delta. River and tidal
flows are critically dependent on good representation of coastline and bottom bathymetry. Hence, a more
accurate bathymetry data has been collected from Bangladesh Water Development Board (BWDB) and
bathymetric survey conducted by the Institute of Water and Flood Management (IWFM) of Bangladesh University
of Engineering and Technology (BUET) under the ESPA Deltas Project. This bathymetry has been generated by
conducting new surveys along with considering existing surveys. In this bathymetry, the ocean part is from GEBCO
data but inland rivers bathymetry has been produced by interpolating cross sections data collected by new
surveys. But in the shallow area near coast GEBCO data is not satisfactory for representing the real topography of
land. Hence, a further improvement has been performed using tidal chart of Bangladesh Navy (digitizing the
hardcopy of the map) in the shallow region of the coast. Elevation information of the 139 coastal polders are also
incorporated in this final version of the bathymetry. The final version of bathymetry of the coastal areas of
Bangladesh and the Bay of Bengal used in this work has been prepared merging the following datasets. Detailed
description of the bathymetric and topographic data including source, extent, resolution, time of collection,
instrument or methods applied has been provided in the Table 1. A map showing Bathymetry data coverage over
the whole model domain has been shown in Fig. 3. A total of 294 new cross sections are surveyed under the ESPA
delta project and existing sections are collected from BWDB.

1. GEBCO 30 arc-second global grid of elevations, GEBCO_2014 Grid, was published in 2014
(http://www.gebco.net/data_and_products/gridded_bathymetry_data/gebco_30_second_grid/)
2. Digital elevation model (DEM) is a merged product of FAP 19 rectilinear grid 300mx300m, datum PWD
and FINNMAP data topographic data, datum PWD.
3. River bathymetry survey data from BWDB, datum PWD.
4. River bathymetry survey data from IWFM, BUET, datum PWD (by ESPA deltas project).
5. Boundary and elevation of the coastal Polders from CEIP-1 project of BWDB.
6. Coastlines of Bangladesh from LANDSAT 8 imagery from February 2015.This bathymetry data currently in
geographic coordinates using WGS84 ellipsoid and vertical datum is MSL.

Table 1. Description of the bathymetric and topographic data (source, extent, resolution, time of collection,
instrument or methods).
Data

Source

Extent

Resolution

Datum

Time
of Instrument
collection
/Method

1 GEBCO

GEBCO
(2014)

global
grid

30 arc-second

WGS84

2014

Bathymetric survey
carried out by HMS
Scott in 2005.

2 Digital elevation FAP 19
model (DEM)

Coastal
areas

300 m × 300 m

PWD

2015

Topographic survey

3 River bathymetry BWDB
survey

Rivers of x-section along PWD
coastal
the
river
areas
(variable)

2014

Bathymetric survey

4 River bathymetry ESPA Delta Rivers of x-section along PWD
Project of coastal
the
river
survey
IWFM
areas
(variable)

2014

Bathymetric survey
by ADPC

5 Coastal polders CEIP-1
boundary
and project
elevation
BWDB

the PWD

2014

Topographic survey

WGS
84

2015

Satellite
(Band 1-7)

6 Coastlines
Bangladesh

of Landsat 8

Coastal
of areas

Coastal
areas

Along
polder
(variable)
30 m

Sensors

Fig. 3. Map showing Bathymetry data coverage over the whole model domain. New cross sections are surveyed
under the ESPA delta project (red x-section) and existing sections are collected from BWDB (green x-section).
Though Delft3D is capable of working with both structured and unstructured mesh, unstructured grid version is
not yet open source. Hence, a structured rectangular grid has been used in this study. Primarily, a mesh for the
domain (discussed below) has been produced using Delft Dashboard with a constant grid spacing 0.006° (~ 666 m)
both in M and N direction. Then this mesh is edited in Delft3D RFGRID grid generator. Bathymetry data has been
interpolated for this mesh with Delft3d QUICKIN tool. For bottom friction Manning’s coefficient is used as 0.02
uniform over the whole domain. Fig. 4 shows model domain, mesh and updated bathymetry used in Delft3D
model. The domain to be covered by the model has been selected in such a way that it can capture a good

portion of the Bay of Bengal and a major portion of complex river network of Bangladesh. The mesh used for this
model covers 20.717°N to 23.972°N and on an average 87°E to 92°E.
The open boundary conditions in the Bay of Bengal are time series water level. These data has been generated
from TPXO 7.2 global inverse tidal model. To simulate the effect of freshwater input, open boundaries has been
defined at three upstream points of GBM delta, namely, at Hardinge Bridge for the Ganges river, at Bahadurabad
for the Brahmaputra river and at Bhairab Bazar Railway Crossing for the Meghna river (Fig. 2(a)). The boundary
conditions of these three points are water discharge measured by Bangladesh Water Development Board. Daily
discharge data has been generated from stage-discharge relationship by constructing the rating curve. Model
linearly interpolate it for every time step of calculation. The simulation period has been considered from 1
January 2010 to 12 December 2010. This period has been considered because the most recent digital data from
Bangladesh Inland Water Transport Authority (BIWTA) tidal gauges are available for the year 2010. The first two
months of simulation has considered as spin-up period of the model. The tidal gauge stations of BIWTA at Hiron
point, Char Changa and Cox's Bazar have been considered for validation of model. Fig. 2 shows the location of the
validation stations.

Fig. 4. (a) Model domain and bathymetry and (b) model mesh.

Finite Element Solution (FES) tide model
Results from the Delft3D model been compared with the output of the global models: Finite Element Solution,
FES 2012 (Carrère et al. 2012) and the new Finite Element Solution, FES 2014 (Carrère et al. 2014). Due to lack of
available time series historic data other than a few tidal gauges, FES models are the only option to compare the
tidal constituents over the study area. FES2012 is the last version of the FES (Finite Element Solution) tide model
developed in 2012. It is a fully revised version of the global hydrodynamic tide solutions which takes advantage of
longer altimeter time series, improved modelling and data assimilation techniques, and more accurate ocean
bathymetry. FES 2012 is based on the resolution of the tidal barotropic equations (T-UGO model) in a spectral
configuration. The global finite element grid (~1.5 million nodes) is used by assimilating long-term altimetry data
through an improved represented assimilation method. A new prediction algorithm is distributed within the FES
2012 package to provide tidal heights and currents at any location of the world ocean.

An improved FES 2014 version has been developed in 2014. As several issues have been detected in FES 2012
bathymetry, these have been corrected for FES 2014 version. It also increased the grid resolution in areas of
interest like shallow waters and on the slope of the continental shelves. Additional upgrades such as the use of

longer altimeter time series, a larger assimilation including tidal gauges and more data all over the ocean and
particularly in the high latitudes regions. FES2014 shows a significant improvement particularly in shallow waters
and in some part of the Arctic region.

Results and Discussion
Validation of the Delft3d Model
Model results has been validated using the major tidal constituents. Two semi-diurnals (M2 and S2), two diurnals
(O1 and K1), along with the variation at the annual frequency, were included in the harmonic analysis solution. To
evaluate the performance of Delft3D modeling, a comparison has been made between the complex errors of each
constituent of every station and between summations of errors of all the constituents of every station. Complex
error is a simple way to take into account of the amplitude and phase error. The idea is simply to build a complex
number where amplitude is the real part and phase is the imaginary part. Then the complex difference ∆z (Eq. 1)
is proportional to the root mean square difference, and one can build RSS (Root Sum Square error) by combining
the errors in difference constituents and site (Eq. 1 to 3).

1

σ = √2 |∆𝑧|2
1
2

where

|∆| = |𝐴𝑜𝑏𝑠 𝑒 ∅𝑜𝑏𝑠 − 𝐴𝑚𝑜𝑑 𝑒 ∅𝑚𝑜𝑑

σ𝑠𝑖𝑡𝑒 = √ ∑𝑤𝑎𝑣𝑒𝑠 |∆𝑧|2 where σ𝑤𝑎𝑣𝑒 = √
1

𝑅𝑆𝑆 = √2𝑁

𝑠𝑖𝑡𝑒

∑𝑠𝑖𝑡𝑒 ∑𝑤𝑎𝑣𝑒𝑠 |∆𝑧|2

1
∑
|∆𝑧|2
2𝑁𝑠𝑖𝑡𝑒 𝑠𝑖𝑡𝑒

(1)

(2)

(3)

Where, Aobs = Amplitude of observed harmonic constituents; ϕobs = Phase of observed harmonic constituents; Amod
= Amplitude of model harmonic constituents; and ϕmod = Phase of model harmonic constituents.

The comparison of complex errors of different constituents at different stations are shown in Fig. 5. At Hiron
point, the accumulated complex error for four influential constituents (M2, S2, K1, O1) from Delft3D output is
0.18 m. But, for global model FES 2012 and FES 2014 this error is 0.40 m and 0.42 m, respectively. At Char Changa,
this error for Delft3D is 0.45 m and for FES 2012 and FES 2014 is 0.55 m and 0.53 m, respectively. For Cox’s Bazar,
the Delft3D performance is a little worse than the global models. The GEBCO data was used in that region due to
unavailability of the bathymetric data. This can be attributed to the poor performance of the model in Cox’s
Bazar. It is to be noted that for simple error comparison, both observed constituents and model output is
calculated from year 2010-time series. But for complex error computation the model output is for 2010 but
observed constituents are calculated from time series climatic data. The detailed results of the validation of
amplitude and phase of each tidal constitutes using all 3 versions of bathymetric data for all 3 gauge stations are
provided in Fig. 6. The performance of latest bathymetry is found quite satisfactory and better than the older
versions of bathymetry in all 3 gauge stations.

Fig. 5. Comparison of complex error of tidal constituents obtained by different Model for station Hiron Point, Char
Changa and Cox’s Bazar.

Fig. 6. Comparison of (LEFT) amplitudes and (RIGHT) phases of tidal constituents obtained by different version of
bathymetry for station (a) Hiron Point, (b) Char Changa and (c) Cox’s Bazar.

Changes of Inundation due to SLR
Changes of the spatial inundation patterns are shown in Fig. 7 for 0.5 m, 1 m and 1.5 m SLR. These maps are
prepared by considering only tidal and river forcing while other conditions are remaining the same. It has found
that the additional area that will be permanently inundated for 0.5 m sea level rise is approximately 2000 km 2
which is about 2% of total area of Bangladesh. For 1 m and 1.5 m sea level rise, the additional inundated areas are
about 39300 km2 and 5300 km2 which are nearly 3.8% and 5.1% of the total area of Bangladesh respectively.
These scenarios have been found by considering existing polders (protected lands including embankments) with
an average height of 4.53 m above mean sea level.

Fig. 7. Inundation map for (a) 0.5 m, (b) 1.0 m and (c) 1.5 m mean SLR.
A closer look at the inundation maps with polders (Fig. 7(a-c)) reveals that the inundation occured mostly in
inland areas rather than the areas adjacent to the Bay of Bengal. It is quite evident that the innundation occurred
avoiding the polder protected areas. Fig. 7(d) shows the inundation map for 1.0 m sea level rise considering
breaching of the embankments. The additional area that will be flooded if embankment fail is nearly 8500 km2 for
1.0 m of sea level rise which is nearly 8.25 % of the total area of Bangladesh. Table 2 represents inundation
statistics under different sea level rise scenarios.
Table 2. Changes of inundation areas and effected population under different SLR scenarios.

SLR
(m)
0.5 m
1.0 m
1.5 m
1.0 m

Scenarios

Inundated
Area
(km2)
Low emission Scenarios
2000
High Emission scenarios
3930
High Emission scenarios with local 5300
subsidence
Polder failure scenarios
8500

Percent of
Percent of
total Bangladesh Coastal
Zone
1.6
4.3
3.8
8.4
5.1
11.3

Affected
Population

8.3

130,00,000

18.0

25,00,000
60,00,000
80,00,000

District wise inundation area and affected people for 0.5 m, 1 m and 1.5 m sea level rise are presented in Table 3.
Population data of different districts has been taken from Bangladesh Bureau of Statistics (BBS 2003). Thirteen
districts are found to be affected with sea level rise of 0.5 m, 1 m and 1.5 m. The wrost affected districts for 0.5 m
sea level rise are Pirojpur, Jhalkathi, Khulna, Barisal and Patuakhali. These districts will be inundated about 20%
with a rise of 0.5 m in sea level. With 1 m of sea level rise more than 20% of Patuakhali, Pirojpur, Bagerhat and
Jhalakati, 30% of Barisal will be under water. With 1.5 m of sea level rise more than or equal to 20% of Patuakhali,
Bagerhat, Pirojpur, Narail, Khulna and Jhalkathi and about 40% of Barisal will be inundated. The inundation
pattern without embankments is shown in Fig. 7(d) for 1 m of sea level rise. It is also found that more than 90% of
Patuakhali and nearly 50% of Bagerhat and Pirojpur will be inundated with 1 m of SLR if embankment fail.
Table 3. Changes of inundation area and affected people of different district of Bangladesh considering polders.
Areas are presented in km2 and population in thousand people.
0.5 m SLR

1.0 m SLR

1.5 m SLR

District
s

Inundati
on area

%
inunda
ted

Affected
population

Inundati
on area

%
inunda
ted

Affected
Population

Inundati
on area

%
inunda
ted

Affected
Population

BAGER
HAT

261.3

6.6

96.4

1089.4

27.5

402.0

1435.3

36.3

529.7

BARGU
NA

99.8

5.5

50.6

104.2

5.7

52.8

105.6

5.8

53.5

BARISA
L

485.3

17.4

420.8

852.5

30.6

739.3

1097.8

39.4

952.0

BHOLA

18.6

0.5

10.1

53.7

1.6

29.1

55.9

1.6

30.3

GOPAL
GANJ

6.2

0.4

5.1

35.0

2.4

28.6

82.5

5.5

67.4

JHALA
KATI

368.6

18.8

330.1

416.5

21.2

373.0

416.5

21.2

373.0

KHULN
A

334.9

7.6

174.8

727.4

16.6

379.8

1031.3

23.5

538.4

MADA
RIPUR

1.3

0.1

1.4

2.2

0.2

2.3

7.1

0.6

7.5

NARAIL 47.5

4.8

34.3

157.0

15.9

113.4

239.5

24.2

173.0

NOAKH 1.3
ALI

0.1

1.4

5.8

0.2

6.1

8.0

0.3

8.4

16.3

208.3

264.4

20.2

258.1

264.8

20.2

258.5

PATUA
KHALI

213.4

PIROJP
UR

221.3

19.8

215.8

282.1

25.2

275.0

283.0

25.3

275.9

SHARI
ATPUR

2.2

0.2

2.3

105.6

8.9

107.4

193.4

16.4

196.7

As the Sundarbans is very important from ecological, environmental, geological and economic point of view for
Bangladesh, it's inundation scenario with different sea level rise has been presented in Table 4. With 0.5 m sea
level rise, approximately 12% of the Sundarbans will be inundated. These inundated areas are mainly bank of
tributaries inside the Sundarbans. With 1 m and 1.5 m sea level rise, affected area would be about 43% and 60%
of total area of the Sundarbans respectively.
Table 4. Inundation patterns of Sundarbans with different SLR scenarios.
SLR

Inundated area (km2)

% of inundation w.r.t. the total area

0.5 m

491

11.37

1m

1847

42.78

1.5 m

2635

61.04

Conclusions
This study shows that Delft3D model is able to capture the tidal phenomenon of the complex coastal Bengal
Delta. Improvement of the bathymetry particularly for the river networks and the shelf shows quite reasonable
results than the previous version of the bathymetry based on the Global GEBCO data sets. The model
performance is better than both the global models FES2012 and FES 2014. The model has been simulated for
possible SLR of 0.5 m, 1 m and 1.5 m considering existing polders. The inundation pattern shows an additional
inundated area of approximately 2%, 3.8% and 5.2% of total area of Bangladesh for 0.5 m, 1 m and 1.5 m sea level
rise, respectively considering polders. If embankments fail, 1 m of SLR will inundate nearly 8.25% additional area
of Bangladesh.
There have been many coastal processes for example, changes of planform of the rivers due to extreme events
(flooding or cyclonic surges) or long term changes of the bed morphology due to sedimentation were not
investigated due to lack of initial and boundary condition data. It was also not possible to investigate the impact
on ecosystems due to SLR. Complex land-sea interaction model will be required for full scale investigation of the
impact of sea level rise over such a complex delta.
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Chapter 6 – Impact of sea level rise on cyclonic
storm surges in the coast of Bangladesh
Introduction
Bangladesh is a South Asian disaster-prone country. Almost every year, the country experiences disasters of one
kind or another — such as tropical cyclones, storm surges, coastal erosion and ﬂoods. Tropical cyclones are the
most common and devastating extreme weather event in Bangladesh. Almost every year cyclones originate from
North Indian Ocean (i.e. the Bay of Bengal and the Arabian Sea). The Bay of Bengal cyclones cross Bangladesh and
adjoining West Bengal coast of India move in the north or northeasterly direction. (Shresth et al., 1998).
Bangladesh is also prone to severe flooding because of its geology, combined with river water from the melting
Himalayan glaciers in the north and an encroaching Bay of Bengal in the south (Dastagir et al., 2015). This
situation is aggravated by occurrence of cyclones and subsequent storm surge. Some recent cyclones like Sidr,
Aila, Roanu followed by heavy flood caused a large extent of destruction of life and property. Sidr, the Category 4
cyclone that ravaged southern Bangladesh in November 2007, killed some 3500 people, displaced 2 million, and
wiped out paddy ﬁelds. Sidr was followed by two heavier-than-normal ﬂoods that killed some 1500 people and
damaged about 2 million tons of food. Storm surge is severe especially in Bangladesh because of the shape and
characteristics of coastline. The coast line of Bangladesh is characterized by a wide continental shelf, especially off
the eastern part of Bangladesh. This wide shelf amplifies the storm surges as the tangential sea-level wind stress
field associated with the tropical cyclone pushes the sea water from the deep water side onto the shelf. Being
pushed from the south by wind stress, the water has no place to go but upwards; which is the storm surge (Alam
et al., 2015).
In the foreseeable future, Bangladesh is likely to be one of the most vulnerable countries of the world in the event
of climate change. The global warming due to the increase in greenhouse gas concentrations in the earth's
atmosphere and the consequent sea level rise (SLR) are going to add fuel to the ﬁre. Almost every socioeconomic
sector in Bangladesh is likely to be affected by climate change (Ramamasy and Baas, 2007). Bangladesh ranked
5th in the Global Climate Risk Index, a ranking of 170 countries that are most vulnerable to climate change (Kreft
and Eckstein, 2013).
The mean sea level is calculated as the average of hourly tide levels measured by mechanical tide gauges over
extended periods of time. In addition, there is a subtle, but significant distinction to make when discussing sea
level rise (SLR) and the context for which estimation of the change is required. This distinction is one between
global sea level change and relative sea level change (Williams et al., 2009). Relative sea level (RSL) is measured
with respect to the surface of the solid earth, whereas geocentric sea level (GSL) is measured with respect to a
geocentric reference such as the reference ellipsoid (IPCC, 2013). Mean sea level (MSL) is defined as the temporal
average for a given location and global mean sea level (GMSL) is the spatial average of all the MSL (IPCC, 2013).
The notion that sea level is changing was recognized in the First Assessment Report (AR) of IPCC, where the
change from the year 1990 to 2001 was addressed (Warrick and Oerlemans, 1990). Two major causes of SLR were
identified (Church et al., 2011). The first one is the expansion of ocean water due to global warming induced
thermal expansion and the second one is the addition of ice water on the ocean from the land through the
melting of glacier ice sheets (Church et al., 2011). The first IPCC report also expressed that SLR rate will be higher
in the 21st century than the 20th and will continue to rise even if the reduction in the greenhouse gas (GHG)
emissions is achieved. The processes that contribute to global and regional sea level changes encompass the

ocean, atmosphere, land ice, and hydrological cycle. Thermal expansion and Cryospheric contribution are the two
main factors that are critical to SLR. However, a local perturbation in sea level is influenced by local atmospheric
circulation, local tectonic movement, local subsidence or soil compaction, sediment contributions; and
anthropogenic contributions.
Bangladesh is vulnerable to current coastal hazards and anticipated SLR because of its low elevation. Drainage
congestion and water logging are already an alarming problem in the coastal area of Bangladesh and likely to be
exacerbated by SLR and increased river flooding. Large uncertainties are associated with regional to district level
estimates of inundation which is due to the compounding effects of the variable rates of uplift and sedimentation,
river flooding and erosion. Siltation is gradually increasing due to SLR. As a result of reduced upstream flow, the
silt flocculate/deposit in the riverbed which restricts removal of excess water from the countryside and causes
drainage congestion. The Northern Indian Ocean, which includes the Bay of Bengal, has also been reported to
experience a relatively high rate of SLR compared to other oceans globally (Han et al., 2010; Unnikrishnan, 2007).
Based on global sea level data and modeling, Ericcson et al. (2006) estimated that the SLR of the Bay of Bengal is
the world's highest, at 10 mm yr-1. The study of SMRC (2003) found that the tidal level in Hiron Point, Char Changa
and Cox’s Bazar rose by 4.0 mm yr-1, 6.0 mm yr-1 and 7.8 mm yr-1 respectively. The rate of the tidal trend is almost
double in the eastern coast than that of the western coast. This difference could be due to attributed to the
differential subsidence and uplifting of land.
Evidence for global mean SLR has been documented in all the Assessments of the IPCC. The IPCC continuously
revises its projections of global mean SLR, drawing on the knowledge and data of the international science
community. The projections of global mean SLR and its contributions have been generated for four
Representative Concentration Pathways (RCPs) and Special Report on Emission Scenarios (SRES). The RCPs have
considered time series of emissions and concentrations of the full suite of greenhouse gases and aerosols and
chemically active gases (Moss et al., 2008). Each RCP is the representative value out of many possible scenarios
that would lead to the specific radiative forcing characteristics. The term pathway emphasizes that not only the
long-term concentration levels are of interest, but also the trajectory taken overtime to reach that outcome
(Moss et al., 2010). The SLR estimations by IPCC include global as well as local scenarios (IPCC, 2013). For the
GMSL, contribution from thermal expansion and cryospheric contributions have been considered. Semi-Empirical
Models (SEMs) project sea level assuming that statistical relationships between observed GMSL and global mean
temperature (Rahmstorf, 2007; Vermeer and Rahmstorf, 2009; Grinsted et al., 2010) or total radiative forcing will
continue in the future (Jevrejeva et al., 2008; Jevrejeva et al., 2009). According to the Fifth Assessment Report of
IPCC, for very high emissions, a global sea level rise between 0.52 m and 0.98 m by the year 2100, while even with
aggressive emission reduction; a rise between 0.28 m and 0.61 m may occur.
Regional variation is expected to be the dominating factor over natural variability in sea level change by the end
of 21st century (IPCC, 2013). Melting of land ice mass will be the main contributing factor. Some of the regions
are expected to experience changes in sea level extensively different than the global mean as revealed from the
ensemble mean regional relative sea level change between 1986-2005 and 2081-2100 under the RCP scenario of
4.5 (IPCC, 2013). In the AR5 of IPCC, projections of SLR for nine representative coastal regions including the Bay of
Bengal have been given for all the emission scenarios (IPCC, 2013). The IPCC for the Bay of Bengal predicts SLR
between 0.2 m to 1 m for low to high emission scenarios in 2100 (Fig. 1). The Fifth AR notes that a collapse of the
marine-based sectors of the Antarctic ice sheet, if initiated, could potentially add up to a further several tenths of
a meter of sea level rise, independent of scenario that this could be around 0.5 m. This additional amount, when
combined with the upper limit of the Fifth AR highest-emission-scenario (RCP8.5) likely range, gives a value of sea
level rise by 2100 of around 1.5 m, not including potential local variations or subsidence. Another recent work
(Jevrejeva et al., 2014) estimates 1.8 m as the upper limit of global mean sea level rise by 2100.

Fig. 1: Change of surface temperature and sea level by 2100.
Considering all these predictions of SLR and the severity and intensities of storm surges in Bangladesh it is very
important to know the inundation pattern and areas which are in direct threat of flooding by 2100 for storm
surges along with probable sea level rises. These simulations are carried out by means of the open source Delft3D
model which is a widely-used 3D modeling suite to investigate hydrodynamics, sediment transport and
morphology and water quality for fluvial, estuarine and coastal environments (Hydraulics, 2006). The software is
used and has proven his capabilities on many places around the world. Delft3D has previously been successfully
used in coastal application like (Lesser et al., 2004; Elshorbagy et al. 2006; Horstman et al., 2013; van Holland et
al.,2010; Tung et al.,2009). Hence, this study takes an attempt to capture the spatial patterns of the inundation of
Bangladesh using a two-dimensional process based coastal model (Delft3D) for recent storm surges SIDR and Aila
along with 0.5 m, 1 m and 1.5 m sea level rise, respectively.

Study Area
Bangladesh, a flood plain delta, is a land of rivers and canals. The country slopes gently from north to south,
comprising about 710 km coastline. According to the Coastal Zone Policy (MOWR, 2005) of the Government of
Bangladesh, 19 districts out of 64 are in the coastal zone covering a total of 147 upazilas. Out of these 19 districts,
12 districts are contiguous with the sea or lower estuary directly. The coastal zone covers 47,201 km 2 land area,
which is 32 % of the total landmass of the country (Islam, 2004). Water area covers 370.4 km from the coastline
(UNCLOS, 1982, Article 57), estuaries and the internal river water. The Exclusive Economic Zone (EEZ) is also
treated as a coastal zone of its own. The southern part of Bangladesh falls under the coastal zone that receives
the discharge of numerous rivers, including the Ganges-Brahmaputra-Meghna (GBM) river systems, one of the
most productive ecosystems of the world. Except Chittagong and Cox’s Bazar, all parts of the coastal zone are

plain land with extensive river networks and accreted land. Map of all districts which are considered under coastal
area of Bangladesh is shown in Fig. 2.

Fig. 2: Coastal zone of Bangladesh and location of tidal gage stations used for coastal model validation.
The total population living in the coastal zone is 35.1 million, i.e. 28% of the total population of the country (BBS,
2003). Population density in the exposed coast is 482 persons per km2 as opposed to 1,012 for the interior coast.
Average population density of the zone is 743 per km2, compared with the national average of 839. Population
density of the interior coast is much higher than that of the exterior coast and the country’s average. There are
about 6.8 million households in the zone, 52 % of which are absolute poor (Islam, 2004). Fishing, agriculture,
shrimp farming and salt farming are the main economic activities in the coastal area. The Sundarbans, a mangrove
forest, is a major source of subsistence for almost 10 million people (Islam and Haque, 2004). Main activities in
the Sundarbans area are fishing, wood and honey collection. Almost ten thousand households in the area have
neither homestead land nor cultivable land while more than a million households in the area have only
homestead but no cultivable land (Islam, 2004). Moreover, the Sundarbans being the largest mangrove forest in
the world has very important role for ecological balance of southern coastal environment of Bangladesh.

Methodology
Two-Dimensional Coastal Modelling using Delft3D
Simulations are carried out by means of the Delft3D model (Hydraulics, 2006). In particular, the hydrodynamic
module Delft3D-FLOW has been used. Delft3D-FLOW is a multi-dimensional (2D or 3D) hydrodynamic (and
transport) simulation program which calculates unsteady flow and transport phenomena that result from tidal
and meteorological forcing on a rectilinear or a curvilinear, boundary fitted grid. In 3D simulations, the vertical
grid is defined following the σ coordinate approach. The Delft3D-FLOW model solves the Navier-Stokes equations
for an incompressible fluid, under the shallow water and the Boussinesq assumptions. In the vertical momentum
equation, the vertical accelerations are neglected, which leads to the hydrostatic pressure equation. In 3D models
the vertical velocities are computed from the continuity equation. The set of partial differential equations in
combination with an appropriate set of initial and boundary conditions is solved on a finite difference grid. The
time step for the hydrodynamic computation is selected equal to 1 min. Turbulence effects are computed by
means of the K-epsilon model. Horizontal background eddy viscosity and diffusivity are set equal to 1 m2s-1.

Grid and Bathymetry
There is publicly available topographic data available from The General Bathymetric Chart of the Oceans (GEBCO,
2014), and ETOPO Digital Topographic Maps (NGDC, 2011). These data sets are suitable in deeper water offshore,
but fail to capture the near shore and inland bathymetry within the delta. River and tidal flows are critically
dependent on good representation of coastline and bottom bathymetry. So, a more accurate bathymetry data
has been collected from Bangladesh Water Development Board (BWDB) and bathymetric survey conducted by
the Institute of Water and Flood Management (IWFM) of Bangladesh University of Engineering and Technology
(BUET) under the ESPA Deltas Project. This bathymetry has been generated by conducting new surveys along with
considering existing surveys. In this bathymetry, the ocean part is from GEBCO data but inland rivers bathymetry
has been produced by interpolating cross sections data collected by new surveys. But in the shallow area near
coast GEBCO data is not satisfactory for representing the real topography of land. So, a further improvement has
been performed using tidal chart of Bangladesh Navy (digitizing the hardcopy of the map) in the shallow region of
the coast. Moreover, elevation information of the 139 coastal polders are also incorporated in this final version of
the bathymetry. In this paper, the updated version of bathymetry is used to simulate storm surge. The
performance of the updated bathymetry has been tested in (Tazkia et al, Yann et al).
The final version of bathymetry of the coastal areas of Bangladesh and the Bay of Bengal used in this work has
been prepared merging the following datasets 1. GEBCO 30 arc-second global grid of elevations, GEBCO_2014 Grid.
2. Digital elevation model (DEM), a merged product of FAP 19 rectilinear grid, datum PWD and FINNMAP
data topographic data, datum PWD.
3. River bathymetry survey data from BWDB, datum PWD.
4. River bathymetry survey data from IWFM, BUET, datum PWD (by various projects of IWFM including ESPA
deltas).
5. Coastal polders boundary and elevation from CEIP-1 project of BWDB.
6. Coastlines of Bangladesh from LANDSAT 8 imagery from February 2015.
This bathymetry data currently in geographic coordinates using WGS84 ellipsoid and vertical datum is MSL.

Though Delft3D is capable of working with both structured and unstructured mesh, unstructured grid version is
not yet open source. So, in this work structured rectangular grid has been used. Primarily, a mesh for the domain
(discussed above) has been produced using Delft Dashboard with a constant grid spacing 0.006° (~ 666 m) both in
M and N direction. Then this mesh is edited in Delft3D RFGRID grid generator. Bathymetry data has been
interpolated for this mesh with Delft3d QUICKIN tool. For bottom friction Manning’s coefficient is used as 0.02
uniform over the whole domain. Fig. 3 shows model domain and updated bathymetry used in Delft3D model. The
domain to be covered by the model has been selected in such a way that it can capture a good portion of the Bay
of Bengal and a major portion of complex river network of Bangladesh. The mesh used for this model covers
20.717°N to 23.972°N and on an average 87°E to 92°E.
The open boundary conditions in the Bay of Bengal are time series water level. These data has been generated
from TPXO 7.2 global inverse tidal model. To simulate freshwater effect open boundaries has been defined at
three upstream points of GBM delta, namely, at Hardinge Bridge for the Ganges river, at Bahadurabad for the
Brahmaputra river and at Bhairab Bazar Railway Crossing for the Meghna river. The boundary conditions of these
three points are water discharge measured by Bangladesh Water Development Board. The tide has been
validated of this model in (Tazkia et al).

Fig. 3: Model domain and updated bathymetry.

Results and Discussion
Validation of the Delft3d Model for storm surge
The model is calibrated for different drag coefficient between wind and sea surface. The default value assigned in
delft3D is 0.007. But this value of drag coefficient gives the maximum water level at Chittagong (Fig. 4) higher
than the observed. So, model is run for various drag coefficient values 0.007, 0.005 and 0.003. Finally, 0.003 of
drag coefficient value has been accepted for further work. With 0.003 drag coefficient water level is validated at
Hiron Point, Cox’s Bazar and Khepupara (Fig. 4). The coefficient of determination of model output at Hiron Point,
Cox’s Bazar and Khepupara is 0.92, 0.92 and 0.88 respectively.

Fig. 4: Calibration and validation of model.

Inundation Pattern Analysis
Fig. 5 shows the inundation pattern for cyclones Sidr, Aila and Roanu. It is clear that only for Sidr (Fig. 5.a1)
inundation occurs avoiding polder protected areas. If 0.5m sea level rise is added with surge of cyclone Sidr (Fig.
5.a2) polders are still fully able to protect the areas from inundation. Even with 1m (Fig. 5.a2) and 1.5m (Fig. 5.a4)
SLR along with surge of cyclone Sidr cannot overflow the polders at most of the places. It can also be seen from
Fig. 5.b1 to Fig. 5.b4 that though tracks of Sidr and Aila are completely different, the inundation pattern is similar.
Within Bangladesh territory the inundation pattern is governed by map of existing polders. For Roanu, the track is
different and the inundation pattern is also different from Sidr and Aila. For only Roanu (Fig. 5.c1) and with 0.5m
SLR (Fig. 5.c2) the inundation is less than Sidr and Aila. But for 1m (Fig. 5.c3) and 1.5m (Fig. 5.c4) SLR the
inundation surpasses the other cyclones.
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Fig. 5: Maximum water level for cyclones under different SLR Conditions. Suffix a for Sidr, b for Aila and c for
Roanu. Suffix 1 for only cyclone, 2 for cyclone plus 0.5m SLR, 3 for cyclone plus 1.0m SLR and 4 for cyclone plus
1.5m SLR.
Table 1 shows statistics of inundation areas and affected population for cyclones Sidr, Aila and Roanu along with
probable SLRs. The total inundated area excluding permanent water body only for cyclone Sidr is approximately
1484 (sq km) which is nearly 1.14% of total area of Bangladesh. If 0.5m SLR is added with cyclone Sidr, the total
inundated area excluding permanent water body becomes 3380 sqr km. It means 0.5m SLR addition causes nearly

128% increase of inundated areas than the area of inundation caused by only Sidr. From (Tazkia et al) the total
inundated area excluding permanent water body for only 0.5m SLR is found to be approximately 2000 sq km. So,
including cyclone SIDR with 0.5m SLR causes 69% increase of inundated area. Addition of 1m SLR with surge of
SIDR causes inundation of nearly 5777 sq km in excess of permanent water body which is 3.67% of total country
(without water body). Cyclone as strong as Sidr along with 1.5m SLR will inundate 7588 sq km area of Bangladesh.
Cyclone Aila has nearly similar impacts but the scenario for Roanu is much worse. The statistics for all these
cyclones are shown in Table 1.
Table 1: Total inundated area and afttected population for Sidr, Aila and Roanu.
Conditio
ns

Sidr
Inundat %
of Affected
ed Area Banglade Populati
(sq km)
sh
on
(million)
1484
1.14
1.9

Only
Cyclone
Cyclone
3380
and
0.5m SLR
Cyclone
5777
and 1m
SLR
Cyclone
7588
and
1.5m SLR

Aila
Inundat %
of Affected
ed Area Banglade Populati
(sq km)
sh
on
(million)
1999
1.54
2.3

Roanu
Inundat %
of Affected
ed Area Banglade Populati
(sq km)
sh
on
(million)
676
0.46
0.52

2.6

4.1

4226

3.25

5.1

2912

1.97

2.24

3.67

7.0

6216

4.78

7.5

7832

5.31

6.02

5.84

9.1

7497

5.77

9.0

12550

8.50

9.65

The inundation statistics of the Sundarbans has been shown in Table 2. Only cyclone Sidr inundates nearly 9.4% of
the Sundarbans whereas introducing 0.5m, 1m and 1.5m of SLR with Sidr inundates 21%, 42.1% and 65.1% of the
Sundarbans respectively. Cyclone Aila along with SLR is more devastating than Sidr with SLR in terms of
inundation for Sundarbans because of its track and time of strike at Bangladesh coast. Cyclone Roanu along with
SLR causes similar inundation as Aila.
Table 2: Inundation scenario of the Sundarbans.
Conditions

Sidr

Aila

Roanu

Inundated
Area (sq km)

%
of Inundated
Sundarbans
Area (sq km)

%
of Inundated
Sundarbans
Area (sq km)

%
of
Sundarbans

405

9.4

884

20.5

396.4

9.2

Cyclone and 906
0.5m SLR

21.0

1815

42.1

1015.7

23.6

Cyclone
1m SLR

42.1

2880

66.8

2276.2

52.8

Only Cyclone

and 1813

Cyclone and 2806
1.5m SLR

65.1

3393

78.7

3281

76.1

Conclusions
The tropical cyclone toolbar of Delft3D dashboard along with Delft3D flow module can capture observed water
level for known Cyclones like Sidr, Aila and Roanu with a coefficient of determination more than 0.8. In future
probable sea level rise accompanied by strong cyclones will inundate upto 8.5% (if SLR is 1.5m) of total area of
Bangladesh. It will also inundate the Sundarbans upto 78.7% which will eventually have devastating effects on its
ecology.
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Chapter 7 – Impacts of climate change at the
Specific Warming Levels on the yield of Boro
rice in Bangladesh
Introduction
The very first steps towards fighting greenhouse gas emission were the formation of UNFCC that was objectified
as “to stabilize greenhouse gas concentrations in the atmosphere at a level that would prevent dangerous
anthropogenic interference with the climate system” (UNFCCC 1992). However, there were no specific limits to
define the greenhouse gas effects and the temperature rise. European Union was the first to take attempt in 1996
by its Environmental Council back in 1996 by limiting the temperature rise to 2°C. In the world of scientists,
UNFCC came forward in taking steps to protect this 2°C temperature rise. But, even then, there had not been any
scientific approach taken to restrain the global mean temperature within 2°C limits (Schleussner et al. 2016b;
Knutti et al. 2015). Over the course of time, even this 2°C increase limit has not been found safe. By the end of
2100 AD, the 2°C rise is not ‘safe’ and 1.5°C would be more significant as per Structured Expert Dialogue (SED) of
UNFCC conclude (UNFCCC 2015a). The previous concept of steady nature of temperature rise with the systems of
Earth is now also void and these systems are found to be sensitive specially between the 1.5°C and 2°C specific
warming levels (Ricke et al. 2016; Drijfhout et al. 2015, Schleussner et al. 2016b). According to some previous
studies, this critical stage between 1.5°C to 2°C temperature increases would experience some of the abrupt
changes of the Earth systems regionally and 30% of the regional abrupt climate changes would occur in this
period (Levermann et al. 2012, Drijfhout et al. 2015).
When the Paris Agreement has reached at COP21 during 2015, the objective included holding the increase in the
global average temperature to well below 2°C above pre-industrial levels and pursuing efforts to limit the
temperature increase to 1.5°C, recognizing that this would significantly reduce the risks and impacts of climate
change (UNFCCC 2015b). The impacts of climate change due to the specific warming level increase at 1.5°C and
2°C has been scarce as there have not been many comprehensive studies on this (UNFCCC 2015a). The impact of
climate change on agriculture and food security is huge and it’s even more important for the developing
countries. (FAO, 2007; IPCC, 2007; Mertz et al., 2009; WB, 2010; Roudier et al., 2011). The globe itself is in the
challenge of doubling the food demand to feed the ever-growing mass by the year 2080. Bangladesh, one of the
developing south Asian countries, is mainly dependent on agriculture. Almost 20% of the GDP is from agriculture
in this country (Bangladesh Finance Bureau, 2014). The location on globe, problems like low elevation, huge
density in population, poor technological facilities of farmers and the economic condition of individual farmers
are making it one of the most vulnerable preys of climate change in agriculture (MOEF, 2005; DOE, 2007; Shahid
and Behrawan, 2008; Pouliotte et al., 2009; Huq and Rabbani, 2011).
Rice, the staple food of Bangladesh contributes to 80% of cultivable area and 90% of the total grain yield
(Alauddin and Tisdell, 1987, 1991; BBS, 2009; Asaduzzaman et al., 2010). Even after having the favorable
physiography and climate to produce rice in ample, the country still lags behind in annual rice yield (2.94 t/ha)
than other rice producing countries (BBS, 2012). With the problems like decrease in crop land and water source
depletion, the country faces a big challenge of producing more 55 Mega tons of rice by 2050 (Basak, 2010; Ahmed
et al., 2000). With the advancement of civilization, the urban societies are expanding their territory threatening
the existence of the cultivable lands. The modified use of land for industries, factories and highways is thus

responsible for the loss of agricultural lands. In addition to these anthropogenic causes, the extreme climate
events like flood and drought are posing threat to the yield of crops. Although, some measures have been taken
to fight this, the negative impacts have been the winner whatsoever. As Boro rice contributes to 55% of total rice
yield in Bangladesh (BRRI, 2006), it is important to assess the impacts of climatic parameters at specific warming
levels.
The yield of crops and food security of the developing countries are very susceptible to climate change.
Previously, many studies have been carried out to assess these impacts on crop yield (Lansigan et al., 2000;
Chang, 2002; Gbetibouo and Hassan, 2005; Kurukulasuriya and Ajwad, 2007; Kabubo-Mariara and Karanja, 2007;
Haim et al., 2008; Sanghi and Mendelsohn, 2008; Deressa and Hassan, 2009; Moula, 2009; Wang et al., 2009). The
number and extent of studies on the impact of climate variables on crop yield has been feeble in Bangladesh
(Mahmood, 1998; Paul, 1998; Ali, 1999; Rahman, 2000; Rashid and Islam, 2007). Again, within this few
researches, many are of descriptive type (Paul, 1998; Ali, 1999; Rashid and Islam, 2007). The previous studies
focusing Bangladesh were based mainly on CERES-rice model (Karim et al.,1996; Mahmood, 1998; Mahmood et
al., 2004; Basak et al., 2010). Basak (2010) emphasizing the temperature rise has been done with simulations of
12 representative districts of the country and used the data of one single regional climate models (RCMs) namely,
PRECIS model as regional climate data. However, we have used 7 bias corrected ensembles of RCMs derived using
lateral boundary data from 4 Global Circulation Model (GCM’s) in order to catch the range of uncertainty of the
crop yield. Moreover, change in the yield of rice at specific warming levels were predicted for all the 64 districts of
Bangladesh. As the regional variations in natural and anthropogenic factors control the response of the crop, the
impact of climate change on crop also depends on the region, scenarios and the type of crop. (Tubiello et.al.
2002). The impact of temperature depends both on the change of temperature and the crop growth stage
(Hatfiled 2008). The impact of climate change in agriculture, however, is abated by the addition of the effects of
CO2 fertilization with plant physiological processes (Salinger et al. 2005). Increase of the CO2 will also lead towards
increase of the crop yield (Pongratz et. al., 2012). Hence, we have also conducted experiments considering the
2xCO2 scenario which witnessed a positive change of the yield than the normal emission scenarios.

Materials and methods
Study area
Our study area; Bangladesh is a south Asian country surrounded by India in three sides and the Bay of Bengal in
the South. With 80% land formed of floodplains this is a fertile land for the production of rice. The territory of the
country extends from 20°34’ north latitude to 26°38’ north latitude vertically and from 88°01’ east longitude to
92°41’ east longitude laterally. The daily weather data of BMD indicates that, during the growth period of Boro
rice, the average temperature would experience a wide variation from 8°C to 38°C for the last 30 years. Hence,
the specific warming level increase would have an impact on the yield of Boro rice of the country. Crop Model has
been simulated for the 64 districts of the country. The yield of Boro rice for each of the 64 district has been
collected from BBS which has been used for calibration and validation.

Selection of Crop Simulation Model
Crop management has been a very effective tool for the effective evaluation of management practices in
agronomy (Sinclair and Seligman, 1996). From the last decade of twentieth century, many crop simulation models
have been used for predicting the crop yield, growth of crop and response of crop to specific conditions. Some of
the most extensively used crop simulation models are- EPIC or Erosion-Productivity Impact Calculator (Williams et
al., 1989); CropSyst (Stöckle et al., 2003) and DSSAT (Jones et al., 2003). For the last 15 years, DSSAT has been
used for the simulation of proper management techniques like irrigation and fertilizer application (Aroraet al.,

2007; Cabrera et al. 2007; Rinaldi et al., 2007; Rinaldi and Ubaldo, 2007; Brassard and Singh, 2008; Thorp et al.,
2008; Timsina et al., 2008; Luo et al., 2009; Iqbal et al., 2011). Among various models, the CERES rice model of
DSSAT 4.6 was chosen for our study. The relationship between rice and its environment is described in this model.
The detailed description of this model has previously been given by Ritchie et al. (1987) and Hoogenboom et al.
(2003).

Integrating field data in DSSAT
For the simulation of the crop yield, the input data related to soil like: soil profile, soil layer depth, pH of each
layer, moisture content, percentage of silt, sand and organic matters, ion exchange etc. are necessary. The data
for soil profiles was collected from WISE 1.1 soil database. There are 14 soil stations available in our study area. As
the number of locations for simulation is 64, we have taken the soil profile of rest of the locations by matching
the type of soil texture from available maps of soil division.

Selection of Rice Variety
The choice is variety is very important for the simulation by CERES-rice model of DSSAT. The effects of weather
parameters along with the soil profile are variety specific. For the same set of management practices, the
response of crop would be different for different variety. As per the statistics of BRRI, BR29 is the most widely
used BORO variety now-a-days. Considering the wide use of this variety in Bangladesh, we have selected BR29
variety for our simulation. The difference in genetic coefficients in the varieties controls their response to the
weather and soil parameters. The genetic coefficients of BR29 has been calibrated and validated for the model
using the BBS and BMD data. The key information of the BR29 variety of Boro rice have been presented in Table
1.
Table 1. Key information of the BR29 variety of Boro rice.
Item

Value

Real Name

Brridhan29

Height

95 cm

Duration of growth

160 days

Grain quality

Medium

Yield (Kg/hectares)

7500

Developed on

1994

Developed by

Bangladesh Rice Research Institute (BRRI)

Weather data
The essential weather parameters for simulating with DSSAT are: daily maximum and minimum air temperature
(◦C), daily solar radiation (MJ /m2) and daily precipitation (mm) (Jones et al., 2003). Historic weather data from
Bangladesh Meteorological Department (BMD) was used for our simulation. These data were coupled in the
Weatherman tool of DSSAT (Wilkens, 2004). Precipitation and Temperatures can be directly used whether solar
radiations cannot be. The dearth of sufficient observations on solar radiations has long been a problem for DSSAT
(Thornton and Running, 1999; Liu and Scott, 2001). Techniques were developed previously to convert solar

radiation data from temperature or sunshine hours. (Ampratwum and Dorvlo, 1999; Rivington et al., 2005;
Yorukoglu and Celik, 2006). Corresponding to 64 districts, we have only 35 meteorological stations in Bangladesh.
The weather data of the nearest station for each district is taken as the metrological data for that district. Figure 1
(a) illustrates the district map of Bangladesh and Figure 1(b) shows the meteorological stations of BMD. The solar
hours from BMD were converted to solar radiation by the formulas in weather manager. The model was
calibrated for 2007-2010 and validated for 2011-2014. Although 35 years (1981-2015) weather data to run DSSAT
was available, these years were taken for a different cause. Before 2007, data of the yield of Boro rice was
unavailable at district level.
Bangladesh has a subtropical monsoon climate characterized by wide seasonal variations in temperature, rainfall,
humidity and wind speed. Three distinct seasons can be observed in Bangladesh: a hot, humid summer from
March to June; a cool, rainy monsoon season from June to October; and a cool, dry winter from October to
March. There has been a steep rise of temperature in Bangladesh over last 30 years and that has influenced most
in the monsoon season (GOB and UNDP, 2009). In addition to that, an increase of average daily temperature of
Bangladesh is predicted to be 1°C by 2030 and 1.4°C by 2050 (FAO, 2006; IPCC,2007). The total rainfall would
increase to some extent while the total number of days will increase annually. The pattern is not even and that
plays a role in generating extreme events like drought and flood endangering the crop yield (Alauddin and
Hossain, 2001; UNDP, 2008; GOB and UNDP, 2009).

Figure 1. (a) District map of Bangladesh and (b) Meteorological stations of BMD.

Climatic Data
For the future climate data, bias corrected ensembles over the Coordinated Regional Climate Downscaling
Experiment (CORDEX) South Asia domain (https://www.cordex.org/community/domain-south-asia-cordex.html)
have been used. There are 7 bias corrected ensembles with Representative Concentration Pathways (RCP 8.5)
scenario of regional climate models (RCM’s) from 4 general circulation models (GCM’s) as shown in Table 2. The
baseline period was of 20 years (1986-2005) whereas the slices for the specific warming levels were the 20 years
starting from pervious 10th year of the year crossing the specific warming level and finishing with next 10th year of
the same. At some cases, the slices for the1.5°C intersects the baseline period and at some other places, the slice

of 2°C starts from some years which indicates the ending of the year slice of 1.5°C warming level. Table 4 shows
the years where the specific warming levels are attained for various ensembles.
Table 2. Details of the bias corrected ensembles of regional climate models.
Institute

GCM

RCM

SMHI

CNRM-CERFACS-CNRM-CM5

RCA4

Driving
Member
r1i1p1

SMHI

ICHEC-EC-EARTH

RCA4

MPI-CSC

MPI-M-MPI-ESM-LR

SMHI

Ensemble Res.

RCP

0.5°

8.5

r1i1p1

0.5°

8.5

REMO2009

r1i1p1

0.5°

8.5

MPI-M-MPI-ESM-LR

RCA4

r1i1p1

0.5°

8.5

SMHI

NOAA-GFDL-GFDL-ESM2M

RCA4

r1i1p1

0.5°

8.5

SMHI

IPSL-CM5A-MR

RCA4

r1i1p1

0.5°

8.5

SMHI

MIROC-MIROC5

RCA4

r1i1p1

0.5°

8.5

The projections of the effects of emissions on climatic parameters vary from model to model due to the
difference in GCMs and methods of downscaling the data (Asseng et al. 2014). This variation influences the
impact of the climatic parameters on various sectors with different values. The more number of ensembles is
used, the more would be the closeness and accuracy of the result. According to Asseng et. al. (2014), with a
temperature rise within 3.5°C, 5 ensembles is enough to get the possible range. As we are dealing with specific
warming levels that would finish in 4°C, the use of 7 ensembles to predict the impacts would not be
unsatisfactory.
Table 4. List of the years passing the SWLs used.
Model

Ensemble

Year of passing

Assessment period

SWL:2

SWL:4

SWL:2

SWL:4

CNRM-CM5

r1i1p1

2046

2088

2036-2055

2078-2097

EC-EARTH

r12i1p1

2035

2083

2025-2044

2073-2092

GFDL-ESM2M

r1i1p1

2055

NA

2045-2064

NA

IPSL-CM5A-MR

r1i1p1

2034

2069

2024-2043

2059-2078

MIROC5

r1i1p1

2052

NA

2042-2061

NA

MPI-ESM-LR

r1i1p1

2040

2083

2030-2049

2073-2092

Crop Management
Along with the climatic and soil parameters, the efficiency of management practices is also indispensable for the
yield of crops. The amount of fertilizer applied, the timing and dose of irrigation, the time to harvest etc. plays a
vital role in crop yield. As per the prescription of BRRI, the crop management has been idealized in our model and
it is shown in Table 3.
Table 3. Crop management data for simulations of BR29 in DSSAT.
Parameter

Input Data

Planting Method

Transplant

Transplantation Date

November 21

Planting distribution

Hill

Plant population at seedling

40 plants/ m2

Plant population at emergence

35 plants/ m2

Row spacing

20 cm

Planting Depth

5 cm

Transplant age

15-20 days

Fertilizer Application

90 kg/ha applied equally in 3 phases after 15, 35 and 55 days of transplant
respectively

Irrigation

1000 mm applied in 15 applications with 7 days interval in 1st month and
10 days interval later

Harvest

May 1

Calibration and Validation
For the evaluation of the performance of the model, it is necessary to calibrate and validate the simulated and
observed data with appropriate statistical parameters. (Willmott,1982; Willmott et al., 1985; Reckhow et al.,
1990; Yang et al., 2000). Root mean square error (RMSE) has been a widely-practiced parameter for evaluating
the model performance statistically. In a set of available observed and simulated data, the deviation of the
simulated values from the observed values are determined by RMSE (Loague and Green, 1991). In short, RMSE is
the deviation of the observed value from the simulated one. As RMSE represents actual values which vary from
sector to sector, it doesn’t explain the error in general terms. Normalized root mean square (nRMSE) expresses
error in percentage considering mean of observed values as base. The formulas of these two statistical
parameters are as follows (Eqn. 1 and Eqn. 2) 𝑅𝑀𝑆𝐸 = √∑𝑛𝑖=1

(𝑆𝑖−𝑂𝑖)2
𝑛

(1)

𝑛𝑅𝑀𝑆𝐸 =

𝑅𝑀𝑆𝐸
𝑂̅

× 100

(2)

Here, Si and Oi means the Simulated and observed values in a particular year respectively, n is the number of
years taken for calibration or validation and 𝑂̅is the mean of the observed values.

Following previous studies, the Genetic coefficients for the cultivar is determined by the calibration and validation
of the simulated grain yield with the observed one (Sarkar and Kar, 2006; Saseendran et al., 2013, Ma et. al.,
2006). It has been a good practice to find the value of genetic coefficients through trial and error adjustments
until a ‘good’ or ‘moderate’ nRMSE value is obtained by iterative approach (Ma et al., 2006; Mavromatis et al.,
2001). As per the related earlier studies, good calibration is for nRMSE≤15%; 15–30% is for “moderate”and≥30%
is for “poor” agreement (Bakhsh et al., 2013; Liu et al., 2013; Nangia et al., 2010, Gaiser et al., 2010; Liu et
al.,2011c). Genetic coefficients of BR29 Boro rice variety is calibrated by these arguments. RMSE generally ranged
within 100- 300 Kg/ha for the districts of Bangladesh. Table 5 shows the default values of the genetic coefficients
and Table 6 shows the calibrated value of these parameters in all the districts.
Table 5. Default values of the generic coefficients of Boro Rice.
Coefficient ID

Name of coefficient

Default Value

P1

Basic vegetative phase coefficient

650

P20

Critical photoperiod at maximum growth rate

90

P2R

Extent in delay of panicle initiation

400

P5

Time from emergence to maturity

13

G1

Potential spikelet number coefficient)

0.65

G2

Single grain weight in gm in ideal condition

0.25

G3

Tillering coefficient

1.0

G4

Temperature tolerance coefficient

1.0

Table 6. Values of the genetic coefficients of Boro Rice for various districts of Bangladesh.
District

P1

P2R

P5

P20

G1

G2

G3

G4
1

nRMSE
(calibration)
6.4

nRMSE
(validation)
3.7

Bagerhat

648

90

400

13

67

0.25

1

Bandarban

653

93

405

13.1

67

0.26

1

1

8.7

9.8

Barguna

653

93

405

13.1

67

0.26

1

1

13.9

9.0

Barisal

648

90

400

13

67

0.25

1

1

6.4

4.1

Bhola

648

90

400

13

67

0.25

1

1

5.5

3.8

Bogra

650

90

400

13

65

0.25

1

1

6.2

4.6

Brahmanbaria

652

Chandpur

648

90

400

13

65

0.25

1

1

6.0

3.0

90

400

13

66

0.25

1

1

6.1

3.0

Chittagong

645

87

395

12.9

62

0.25

1

1

10.9

6.6

Chuadnaga

647

97

405

13.1

67

0.26

1

1

6.8

3.5

Comilla

650

90

400

13

65

0.25

1

1

8.8

2.8

Cox's Bazar

646

88

395

12.9

62

0.25

1

1

9.4

6.2

Dhaka

647

93

415

12.9

67

0.26

1

1

7.2

3.2

Dinajpur

653

93

405

13.1

67

0.26

1

1

9.8

2.6

Faridpur

653

93

405

13.1

67

0.26

1

1

3.8

3.0

Feni

650

90

400

13.1

67

0.25

1

1

7.2

4.2

Gaibandha

650

90

400

13

65

0.25

1

1

7.6

3.8

Gazipur

647

93

415

12.9

67

0.26

1

1

6.5

3.1

Gopalganj

653

93

405

13.1

67

0.26

1

1

3.4

2.6

Hobiganj

650

90

398

13

67

0.25

1

1

5.0

4.1

Jamalpur

647

93

405

13.1

67

0.26

1

1

9.6

4.5

Jessore

647

97

405

13.1

67

0.26

1

1

5.8

1.8

Jhalkathi

648

90

400

13

67

0.25

1

1

6.1

4.2

Jhenaidah

647

97

405

13.1

67

0.26

1

1

5.4

1.7

Joypurhat

650

90

400

13

65

0.25

1

1

4.5

4.1

Khagrachori

650

90

400

13

65

0.25

1

1

7.4

9.7

Khulna

648

90

400

13

67

0.25

1

1

7.1

3.9

Kishorganj

650

90

400

13

65

0.25

1

1

6.0

5.1

Kurigram

650

90

400

13

65

0.25

1

1

7.2

3.6

Kushta

647

97

405

13.1

67

0.26

1

1

7.3

3.4

Laksmipur

650

90

400

13.1

66

0.25

1

1

6.9

3.8

Lalmonirhat

650

90

400

13

65

0.25

1

1

6.8

3.8

Madaripur

653

93

405

13.1

67

0.26

1

1

3.5

3.0

Magura

647

97

405

13.1

67

0.26

1

1

5.2

1.9

Manikganj

647

93

415

12.9

67

0.26

1

1

6.7

2.9

Maulavibazar

650

90

402

13

67

0.25

1

1

5.5

4.8

Meherpur

647

97

405

13.1

67

0.26

1

1

7.0

3.1

Munshiganj

647

93

415

12.9

67

0.26

1

1

6.3

3.2

Mymensingh

647

93

405

12.9

64

0.26

1

1

2.2

3.0

Naogan

647

93

415

12.9

67

0.26

1

1

7.4

2.5

Narail

647

97

405

13.1

67

0.26

1

1

5.3

1.7

Narshingdi

647

93

415

12.9

67

0.26

1

1

6.3

2.9

District

P1

P2R

P5

P20

G1

G2

G3

G4
1

nRMSE
(calibration)
6.4

nRMSE
(validation)
3.1

Naryanganj

647

93

415

12.9

67

0.26

1

Natore

647

93

415

12.9

67

0.26

1

1

6.7

2.5

Nawabganj

647

93

415

12.9

67

0.26

1

1

8.4

2.5

Netrokona

650

90

400

13

Nilphamari

650

90

400

13

65

0.25

1

1

4.8

4.5

65

0.25

1

1

7.2

3.9

Noakhali

650

90

400

13

65

0.25

1

1

7.9

4.2

Pabna

653

93

405

13.1

67

0.26

1

1

9.0

5.2

Panchagar

653

93

405

13.1

67

0.26

1

1

7.9

3.0

Patuakhlai

653

93

405

13.1

67

0.26

1

1

19.8

13.9

Perojpur

648

90

400

13

67

0.25

1

1

5.8

4.5

Rajbari

653

93

405

13.1

67

0.26

1

1

3.5

3.0

Rajshahi

647

93

415

12.9

67

0.26

1

1

9.3

2.6

Rangamati

650

90

400

13

65

0.25

1

1

8.9

7.6

Rangpur

650

90

400

13

65

0.25

1

1

9.9

3.9

Satkhira

648

90

400

13

67

0.25

1

1

5.9

3.7

Shariatpur

653

93

405

13.1

67

0.26

1

1

3.4

2.9

Sherpur

647

93

405

13.1

67

0.26

1

1

7.3

4.5

Sirajganj

653

93

405

13.1

67

0.26

1

1

7.2

5.3

Sunamganj

650

90

403

13

67

0.25

1

1

4.9

4.2

Sylhet

650

90

400

13

67

0.25

1

1

6.5

4.6

Tangail

653

93

405

13.1

67

0.26

1

1

4.4

3.3

Thakurgaon

653

93

405

13.1

67

0.26

1

1

7.9

2.3

Results and Discussions
Change in Climatic scenarios
The temperature rise at the specific warming level will not be the same for all regions. In fact, in the same region,
even the change in minimum and maximum temperature is not the same. Considering the scenarios of the
temperature rise at SWL of 1.5°C as shown in Figure 2, we can found that all the regions of the country will cross
the 1°C limit by the end of the century. Interestingly, considering the rise of the maximum temperature, majority
of the country will not cross the 1.5°C line at the prescribed global rise of temperature above 1.5°C, rather most
of the values are within the range between 1.3°C and 1.5°C. The rise of minimum temperatures is faster than the
rise of maximum temperature.
At the warming level of 2°C, the major portion of the country will observe an increase in the maximum
temperature ranging from 1.65°C to 1.85°C. Rest of the country would have a rise of the maximum temperature
varying from 1.85°C to 2.25°C. Several districts including the coastal districts like, Patuakhali, Barguna, the south
most tail end of the country, the northwest districts like, Bogra and Jouypurhat and the mid-western districts like,
Jhenaidah and Magura will observe most rise of the maximum temperature. The maximum temperature rise will
severely be affected the western belt of the country. However, the southeast portion was also affected by
maximum temperature ranging from 1.5°C to 1.75°C. The rest of the country experiences a rise of maximum
temperature varying between 1.25°C and 1.5°C.

Figure 2. Changes in the maximum temperature at Specific Warming Levels.
The spatial distribution of minimum temperatures at the warming level of 1.5°C shows a uniform pattern. The
eastern part will have a temperature rise above 1. 5°C and the western part of the country will have a
temperature rise below 1.5°C (Figure 3). At 2°C specific warming level, the change of minimum temperature will
be almost uniform throughout the country. Most parts of the country will experience a rise of the minimum
temperature ranging from 1.86°C to 2.25°C except Cox’s bazar, Chuadanga, Meherpur and Kushtia. All of these
districts will have a rise of the minimum temperature ranging from 1.66 to 1.85°C. Comilla, Sylhet, Sunamganj and
Maulavibazar the districts will observe the highest increase of the minimum temperature which will be above
2.25°C. At the specific warming level of 4°C, the increase of maximum temperature will be varying from 4°C to
4.6°C for most parts of the country. The maximum temperature in some parts of the country will even surpass the
4.6°C mark.

Figure 3. Changes in minimum temperature at Specific Warming Levels.
The rainfall privileged zones (like Sylhet, Maulavibazar and Sunamganj), some parts of Chittagong and Rangamati,
eastern districts near Kushtia along with the district adjacent to west of Dhaka viz. Naryanganj, Munshiganj and
Shariatpurare districts will be highly susceptible to this temperature rise. The spatial distribution of minimum
temperatures at the specific warming level of 4°C is almost uniform like that of 2°C. Most parts of the country will

experience a rise of the minimum temperature above 4.5°C. The districts at the tail end of the south extremity of
the country like Cox’s Bazar, Chittagong and Bandarban along with coastal districts like, Patuakhali and Barisal will
be the least effected by a rise of minimum temperature between 3°C and 3.5°C. The northeast districts like,
Habiganj and Sunamganj along with the districts like Kustia and Meherpur will experience a rise of the minimum
temperature ranging from 4°C to 4.6°C. The most part of the country observed a rise of the minimum
temperature above 4°C at the specific warming level of 4°C.
Interestingly, the rainfall also is going to increase in future at the increase of the specific warming levels. In fact,
the increase of rainfall at specific warming level at 4°C is greater than that of the 1.5°C and 2°C specific warming
levels. Figure 4 shows the spatial pattern of the rainfall over Bangladesh for different specific warming levels. This
changing pattern of rainfall produces extreme events, such as floods and drought, which have noticeable adverse
effects on rice yields (Alauddin and Hossain, 2001; UNDP, 2008; GOB and UNDP, 2009). Looking into the rainfall
increase pattern at 1.5°C warming level, the increase of rainfall is more at the eastern part of the country that
that of in the western part of the country. However, the east extremities at high and low latitudes viz. the
southeast and the northeast extremities have the most increase in rainfall. Rest of the country will experience a
very small increase (<13 mm) in the mean annual rainfall over the emergence-end period of Boro rice. The rainfall
privileged districts at the northeast and the southeast Bangladesh are Sylhet, Maulavibazar, Habiganj,
Sunamganjand, Khagrachori which possibly receive an increase of rainfall varying from 23 mm to 43 mm.
As for that of 2°C, we can see that almost the whole eastern Bangladesh gets a shower over 43 mm. As for the
maximum rainfall occurring districts i.e. Sylhet and its surrounding districts, the annual increasing of rainfall is
over 100 mm. The mid flank of the country will have an rainfall between 23 mm and 43 mm while the western
flank will receive least amount of rainfall (<23 mm).

Figure 4. Changes in Rainfall Pattern at Specific Warming Level.
The rainfall increase is even more at the warming level of 4°C. Unlike the rainfall pattern of warming level of 2°C,
it is not even striven at eastern and western part of the country. The lowest rainfall increase (from 23 to 43 mm)
occurs in some districts in the western part of Bangladesh. However, the distribution is not uniform over those
districts. Comilla, Rajshahi and Kushtia district will witness the least increase of rainfall only up to 9 mm. The
highest increase of rainfall over 100 mm will be in Sylhet, Sunamganj, Maulavibazar and Habiganj districts. On the
other hand, Bandarban, Rangamati and Khagrachori will witness an increase of rainfall ranging from 66 mm to 96
mm. The rest of the country will witness an increase of rainfall varying from 25 mm to 32 mm.

Change of the yield
The change of the yield of Boro rice exhibits spatial variation in various districts. The change of temperature and
rainfall in various districts varies which is one of the causes of this variation of yield of Boro rice. However, the
observation shows that only one parameter cannot alone control the change of the pattern of yield of Boro rice.
Moreover, the properties of soil also control the yield of Boro rice. This diversity of soil profile and climatologic
parameters jointly contributes to the yield of Boro rice. Results of model simulation showed that at SWL of 1.5°C,
as in Figure 5, yield of Boro rice will reduced within 2% in the upper parts of the northeast zone. Sylhet,
Sunamganj, Maulavibazar and Habiganj are the districts with the least reduction. Contrarily, the coastal zone of
the southern parts of Bangladesh is the worst victim with 10% to above 12% decrease in yields due to climate
change. Patuakhali, Noakhali, Laksmipur and Bhola are the worst victims of the climate change.

Figure 5. Change in yield of Boro rice under different specific warming levels.
Most of the districts of the country will experience a reduction of yield between 7% and 9% at the specific
warming level of 1.5°C. The south-east districts like Chittagong, Cox’s Bazar, Rangamati districts along with the
northern districts like Jamalpur, Sherpur, Netrokona will experience a fall in Boro yield from 4% to 7%. However,
three northern districts- Rangpur, Nilphamari, Kurigram and one southern district, Rangpur will also have a
reduction of yield within 4%. The north districts near the divisions Rangpur and Rajshaji also will be within 5%
decrease in yield by 2100. However, the Capital Dhaka and its surrounding districts are like to experience a
moderate decrease of yield from 10% to 14%. The other districts of the country like, Mymensingh, Sherpur,
Jessore, Jhenaidah and Chuadanga will experience a fall in yield from 8-10%. The western region of Bangladesh is
expected to remain moderately affected by climate change with a possible reduction of rice yield from 8% to 12%.
At the specific warming level of 2°C, the spatial pattern of yield will tend to shift slightly as shown in Figure 5. The
majority of the country would still remain within the limit of yield reduction up to 9%. Nevertheless, the reduction
of yield of Boro rise will vary for the majority of the districts of Bangladesh from 9 to 12%. However, the northeast
districts will not cross a loss of 2% yield even in this 2°C warming level. Excluding that region, most of the districts
that encountered below 9% decrease at 1.5°C warming level which would now jump a bit higher for a loss of 12%.
The southeast region of the country (Chittagong, Cox’s Bazar, Rangamati districts) will experience a fall in yield up
to 9% by 2100. The north districts near the divisions Rangpur and Rajshaji will also experience of the reduction of
yield about 7%. Dhaka and its surrounding districts are likely to experience a moderate reduction of yield from 7%
to 9%. This shows that the yield reduction will be higher at SWL of 2°C than that at SWL of 1.5°C. The worst
affected zones are the southern coastal region of Bangladesh which will experience up to 14% loss at SWL of

1.5°C. This range would have been higher at SWK of 2°C with a possible loss up to 21%. However, districts in the
coastal belt ( Noakhali, Laksmipur, Chandpur and Comilla) will experience a reduction of the yield of Boro rice up
to 14%. Hence, it can be roughly said that, most of the regions of the country would have more reduction of the
yield of Boro rice at SWL of 2°C than that at SWL of 1.5°C.
At SWL of 4°C, the situation will be the worst. Even the least affected northeast region of Bangladesh will have a
reduction of the yield of Boro rice about 7%. However, some districts at the northern pinnacle still will experience
a reduction of yield about 4%. In the southeast region of Bangladesh, Rangamati and Cox’s Bazar will have
reduction of the yield about 7% and 14% respectively. The northern districts of Bangladesh will experience less
rate of yield reduction that other districts of the country. The yield reduction in the northern districts will vary
from 4% to 9% at SWL of 4°C. Some districts at the western parts of middle portion of the country (Kushtia,
Rajbari, Faridpur, Narail) has the yield loss of 10%-12%. Most of the middle portion of the country, which rarely
crossed cross 9% decrease in yield, would experience a decrease in yield from 10% to 17% showing a great
deterioration of the conditions. The coastal districts at south and south east portion of the country are the worst
victim. They would face a decrease starting from 21% and ending in 28%. The overall scenario describes that, the
change of yield at 4°C warming level is more severe than that in 2°C warming level.
The summarization of the observations discloses that, the coastal districts at south part and south east part are
the worst victim of at the specific warming levels, i.e. this temperature increase would cause most damage in the
coastal areas of the country. However, the North-East Bangladesh and some North-West districts is the least
victim of the rise of temperature. The high level of rainfall in the north-east is the most probable reason behind
this. Although the temperature is on the rise, the adversity has well been minimized by the heavy showers in
these zones. The worst affected region is somewhat difficult to put in to a reason. Even though the zones have
not been the worst victims of maximum or minimum temperature or the least beneficiary of rainfall, the coastal
districts of south and mid-south east districts will have the maximum decrease in rice yield.

Range of uncertainties in prediction
One of the important aspects of assessing the impacts of climate change is to observe the range of uncertainty.
The more is the number of models used, the less would be the uncertainty and the more precise will be the range
of unpredictability. Figure 6 shows the range of the variations of the yield simulated by the various ensembles,
respectively. As we see in near future, all the districts have an overall production below the zero line (no change
line). This indicates the change has been negative at all the districts. The range of uncertainty of yield prediction
has been more than 15% in 10 districts. These districts are Barisal, Patuakhali, Jhalkathi, Perojpur, Bhola,
Shariatpur, Madaripur, Rajbari, Faridpur and Gopalganj. However, the uncertainty of yield prediction of 13 out of
the 64 districts are within 6%. The rest of the districts show a medium range of uncertainty of yield prediction
from 7% to 14%. Among the 64 districts, it is observed about 41 districts that, the mean value of yield lie above
the -10% line for SWL of 2°C. So, almost 70% of the districts do not encounter a yield loss more than 10% for SWL
of 2°C. Although some models predict that 4 districts would cross the -20% line, the reduction of yield will be
within a limit of 15% for majority of the districts at SWL of 2°C as shown in Figure 6(a).

Figure 6. Range of Uncertainty for Districts of Bangladesh predicted by seven ensembles at (a) SWL of 2°C and (b)
SWL of 4°C.
Figure 6 (b) showed that the range of uncertainties in SWL of 4°C. It is observed that all the 64 districts are be
experiencing a yield below 0% (under the zero line). Interestingly, even at the SWL of 4°C, the mean of 4 districts
of the northeast Bangladesh has a mean approximating zero line i.e. no reduction in yield. About 10 out of 64
districts will experience a reduction of yield of Boro rice between 5% and 15%. Rest of the districts the reduction
of the yield will vary with a range from 16% to 25%. Barisal, Khulna, Bagerhat, Satkhira, Perojpur and Bhola will
experience the maximum decrease of the yield of Boro rice comparing to the other districts. It is noticeable that
the coastal districts will be severely affected by climate change than the other regions of the country. On the
other hand, the northeast and other regions with higher rainfall have shown less change of the yield in the future.

Sensitivity of the increasing CO2 on the yield of Boro rice
RCP 8.5 scenario is based in the change of the radiative forcing over 8.5 watt/m2 by end of this century from the
pre-industrial periods since 1880. The CO2 concentration is expected to be 540 ppm by 2050 compared to 370
ppm at the beginning of this century (http://www.iiasa.ac.at/web-apps/tnt/RcpDb). Many studies based on crop
modeling have indicated the increase of crop yield due to added concentration of CO2 (e.g., IPCC, 2001; Reilly et
al., 2003). However, some studies indicated that the beneficial effects of CO2 will not be as much as it is now in
2050’s when the global temperature is supposed to rise about 2°C warming (Hitz and Smith, 2004). Previously,

many crop simulations were carried out (like, Pongratz et. al., 2012) at elevated CO2 emission and the results
indicated an increase of yield of crops. In this study, future changes of yield of Boro rice has been estimated based
on a fixed CO2 level at 380 ppm. However, according to RCP 8.5 scenario, the emission is not fixed. It is about 500
ppm over the SWL of 2°C and 950 ppm over the SWL of 4°C (IPCC, 2007). It is evident from Figure 7, the yield in
almost all the regions will be increased in the elevated CO2 level than the fixed CO2emission in SWL of 2°C and
SWL of 4°C. The elevated CO2 would compensate some of the negative impacts of temperature. However, the
range of unpredictability in rice yield has increased with the elevated CO2 emissions. This might indicate the
complex correlation between temperature and elevated CO2 emission in the yield of Boro rice.

Figure 7. Range of Uncertainty for Districts of Bangladesh predicted by seven ensembles at the elevated carbon
emission.

Conclusions
Most of the districts will be encountered severe change in the maximum and minimum temperature at the end of
the century. The trend of the yield of Boro rice will be gradually decreased at an alarming rate; crossing 10%
decrease in SWL of 2°C to 25% decrease in SWL of 4°C. The growth and yield of crops are directly related to the
rate of photosynthesis and their response to temperature, solar radiation and rainfall. Optimum temperatures for
maximum photosynthesis range from 25ºC to 30ºC for rice under the climatic conditions of Bangladesh. Increased
temperatures during the growing season cause grain sterility. Changes of the maximum temperatures is the main

reason behind the reduction of the yield of Boro rice in Bangladesh. However, CO2 is also increasing in the future
which pose a positive impact on crop production. We have also observed the positive impacts of elevated CO 2
emissions in our study. But, the increase of yield of Boro rice due to the increase of CO 2 is not dominant
considering the reduction of yield due to the rise of temperature.
It was evident that, the yield reduction at SWL of 4°C is more than that of at SWL of 2°C. This is primarily caused
due to more increase of the maximum and minimum temperature at SWL of 4°C than at SWL of 2°C. Rainfall is
also be increased during the growing period of Boro rice at the SWL of 4°C than that of at SWL of 2°C. But, it’s
positive impact was not sufficient to offset the negative impacts of temperatures rise on the yield of Boro rice. It
is clear that, the northeast region of the country is the least affected by the climate change. As this reason
experiences the highest increase of rainfall in future, the effect of the adverse impact of climate change on the
yield of Boro rice will be less in this region. However, the yield of Boro rice in the southern region of Bangladesh
will be the most affected by the climate change. The cumulative changes of temperature and rainfall in the future
will worsen the yield of Boro rice in this region. DSSAT crop modeling has found very effective to study the change
of the yield of Boro rice in Bangladesh. The greater concentration of CO2 under high emission scenarios have
brought some positive impacts on the yield of crop. However, the yield does not increase proportionally with the
concentration of CO2 as expected. Rise of the temperature will offset the possible increase of the yield of Boro
rice due to increase of CO2 which will pose serious threat to the food security of the country.
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Chapter 8 – Impact on Aman rice yield in
Bangladesh
Introduction

It was not more than 25 years from now when mankind took the first attempt against the high-end emissions.
With the objective “to stabilize greenhouse gas concentrations in the atmosphere at a level that would prevent
dangerous anthropogenic interference with the climate system”, the UNFCCC was established in 1992. The start
of fight against global temperature rise was in 1996 when EU took the attempt to limit the global temperature
rise within 2°C by its Environmental Council. The restriction of global mean temperature was not taken into
consideration with the help of any scientific approach even when UNFCCC came in restraining that 2°C warming
(Schleussner et al. 2016b; Knutti et al. 2015). The Structured Expert Dialogue of UNFCCC has termed the rise of
2°C by the year 2100 as ‘not safe’ and 1.5°C as ‘significant. (UNFCCC, 2015a). While it was almost believed that the
temperature is of a steady nature along with the systems of Earth, presently these beliefs has been shattered
with the finding of the systems of Earth behaving in a sensitive manner with the rise of temperature, especially
from 1.5°C to 2°C (Ricke et al. 2016; Drijfhout et al. 2015, Schleussner et al. 201` 6b). The temperature change
between 1.5°C to 2°C has been termed as critical by some previous studies as these reveal that the abrupt change
of Earth systems would happen at this critical zone and regionally it may change abruptly up to 30% (Levermann
et al. 2012, Drijfhout et al. 2015).
Limiting the global temperature within 2°C of preindustrial period and further shackling them within 1.5°C was
believed to be significantly effective to reduce the adversity of climate change when the parties reached the
agreement at COP21 on this purpose (UNFCC 2015b). The dearth of sufficient impact studies on 1.5°C and 2°C
specific warming level has made it even more important (UNFCC 2015a). Food security is hugely dependent on
climate and for the developing countries the impact of climate changes on agriculture is enormous (FAO, 2007;
IPCC, 2007; Mertz et al., 2009; WB, 2010; Roudier et al., 2011). Food demand of the globe would be doubled by
2080. Bangladesh is a South Asian agrarian country whose 20% Gross Domestic Product (GDP) comes from
agriculture (Bangladesh Finance Bureau, 2014). However, due to its position on globe, this densely populated
country with low elevation and poor technological amenities for farmers is often considered to be one of the
worst victims of climate change; especially on food security (MOEF, 2005; DOE, 2007; Shahid and Behrawan,
2008; Pouliotte et al., 2009; Huq and Rabbani, 2011).
Almost 80% cultivable area of Bangladesh is used as paddy field while 90% of grain yield comes in form of rice
(Alauddin and Tisdell, 1987, 1991; BBS, 2009; Asaduzzaman et al., 2010). It is surprising to state that the country
has not been able to produce expected amount of rice even after having the better surroundings and favorable
physiography to grow it. The annual rice yield is about 3 ton/ha (BBS, 2012). The shift of land use pattern is
decreasing available crop fields and ground water level is going down. These impediments push a bigger challenge
of producing rice in future days and by 2050, it would necessitate 55 Mega tons of rice (Basak, 2010; Ahmed et al.,
2000). The urbanization has brought a massive blow for the cultivators as crop lands are getting encroached by
industries, residents, shopping centers and highways and other infrastructures day by day. Moreover, the
manmade harm to the environment has made the extreme climate changes more frequent these days. So, even
after the technological attempts to increase crop yield, we are lagging behind in food production. That is why the
impact of specific warming level on production of Aman rice, which contributes to 38% rice of the country, is so
important and needs to be explored (BRRI, 2006 and Risingbd, 2014).

Climate change has a significant impact on crop yield and food security of developing countries and a lot of
studies has been carried out to assess these impacts. (Lansigan et al., 2000; Chang, 2002; Gbetibouo and Hassan,
2005; Kurukulasuriya and Ajwad, 2007; Kabubo-Mariara and Karanja, 2007; Haim et al., 2008; Sanghi and
Mendelsohn, 2008; Deressa and Hassan, 2009; Moula, 2009; Wang et al., 2009). However, these have not been
adequate in quantity and in focus on impact studies in the field of agriculture in Bangladesh (Mahmood, 1998;
Paul, 1998; Ali, 1999; Rahman, 2000; Rashid and Islam, 2007). Though we have a few studies, many of them are of
descriptive type (Paul, 1998; Ali, 1999; Rashid and Islam, 2007). The previous studies on the impact of climate
change on crop yield was based on CERES-rice model (Karim et al., 1996; Mahmood, 1998; Mahmood et al., 2004;
Basak et al., 2010). Basak, 2010 has considered 12 representative districts and used PRECIS model for RCM. Our
study had used CORDEX data of seven ensembles with bias corrected and covered all 64 districts. This would help
to get more detailed results of all districts.
The region, scenario and type of the crop lays a significant role in the impact of climate change on the crop as the
response of crop is varied by natural and anthropogenic factors (Tubiello et al., 2002). The growth stage of crop
along with the change in temperature jointly makes an impact on crop (Hatfiled, 2008). The addition of carbon
dioxide during the physiological growth of the plant often brings out an increase in grain yield (Salinger et al.
2005). Previously, experimental 2xCO2scenario indicated a positive change of yield of crop than the normal
emission scenarios (Pongratz et al., 2012).

Materials and methods
Study area
Bangladesh, the largest delta of the world, has 80% land with floodplain that makes it suitable for rice production.
The vertical boundary of the country is from 20°34˝ north latitude to 26°38˝ north latitude while it extends from
88°01˝ East Longitude to 92°41˝ East Longitude. During the growing season of Aman rice, this country
experiences a hot weather with a humid climate and monsoon rainfall. The temperature of this growing season is
also the maximum for any rice growing season of the country. So, the impact of temperature rise would definitely
have a lot of significance for projecting the yield of Aman rice.

Selection of Crop Simulation Model
The utilization of crop management as an effective tool for the evaluation of management practices in agronomy
has been observed in recent years (Sinclair and Seligman, 1996). DSSAT (Jones et al., 2003), EPIC (Williams et al.,
1989) and Crop Syst (Stöckle et al., 2003) is three of the most used crop simulation models over the last decade of
last millennium. Again, among these widely used software, DSSAT has been used most for the last 15 years
because of its improvising of management techniques like irrigation and fertilizer application (Arora et al., 2007;
Cabrera et al. 2007; Rinaldi et al., 2007; Rinaldi and Ubaldo, 2007; Brassard and Singh, 2008; Thorp et al., 2008;
Timsina et al., 2008; Luo et al., 2009; Ventrella et al., 2009b; Iqbal et al., 2011). CERES-rice model of DSSAT 4.6
version was used for the simulations in our study. There has been a comprehensive description of the simulation
method as described by Ritchie et al. (1987) and Hoogenboom et al. (2003).

Integrating field data in DSSAT
Soil is an essential part for simulation of crop. Soil texture, pH, depth, soil profile, moisture content, ion exchange
etc are necessary parameters for simulation. These data are collected from the WISE 1.1 soil database. Although

there are only 14 WISE soil inventories in Bangladesh compared to 64 districts, the gap was made up by using the
soil profile by nearest distance and same soil type.

Selection of Rice Variety
Choosing variety of rice for simulation study is important, as the variety has to be representative for the study.
Moreover, with identical soil conditions, irrigation facility, fertilizers available and weather scenario, various
varieties of the same crop, the model provides different impacts. The genetic coefficients of various crops show
how they would react in various surroundings. BR11 variety of Aman rice was selected for our simulation by
CERES rice model of DSSAT.BR11 has been calibrated and validated for the model using the BBS and BMD data.
The key information of BR11 variety is shown in Table 1.
Table 1. Key information about the BR11 variety of Aman rice.
Item

Value

Real Name

Brridhan11

Height

115 cm

Duration of growth

145 days

Grain quality

Medium

Yield (Kg/hectares)

5500

Developed on

1980

Developed by

Bangladesh Rice Research Institute (BRRI)

Weather data
The weather manager of DSSAT has four essential parameters: daily rainfall, the daily maximum temperature, the
daily minimum temperature and daily solar radiation (Jones et al., 2003). The daily weather data was obtained
from Bangladesh Meteorological Department (BMD) which was integrated in Weatherman tool of DSSAT
(Wilkens, 2004). The daily maximum and minimum temperature were used directly. However, the insufficient
observations of solar radiation are a problem for running DSSAT (Thornton and Running, 1999; Liu and Scott,
2001). With the efforts from some people, the conversion technique of solar radiation from temperature or
sunshine hours has been invented (Ampratwum and Dorvlo, 1999; Rivington et al., 2005; Yorukoglu and Celik,
2006). The meteorological stations of BMD are shown in Figure 1. As the station numbers are 35 compared to 64
districts, the data of the nearest station is taken for each of the districts. BMD provides the sunshine hours which
was converted to solar radiation by the weather manager itself. The yield data of district level was available from
the year 2007. That is why, four years of calibration (2007-2010) and four years of validation (2011-2014) has
been considered in this study.

Figure 1. Meteorological Stations of Bangladesh Meteorological Department (BMD) and the district map of
Bangladesh

The historic weather data reveal that the temperature rise has been steep in Bangladesh over the previous 30
years and it has left its impact on monsoon period as well (GOB and UNDP, 2009). Moreover, according to some
researches, the daily average temperature would cross 1°C by 2030 and 1.4°C by 2050 (FAO, 2006; IPCC, 2007).
The rainfall trend of the past also reveals that the annual average rainfall would increase a bit while the frequency
would be less, so the extreme scenarios like drought or flood is most likely to occur in coming days (Alauddin and
Hossain, 2001; UNDP, 2008; GOB and UNDP, 2009).

Climatic Data
The use of ensembles for the future climate data has been a good practice for years. However, it was not before
couple of years ago, one had the correct ideas of how many ensembles should be enough to keep the uncertainty
in tolerable limit. The downscaling method and variations in GCM model yields the variations of different
ensembles. As per Asseng et al., 2014, the use of 5 ensembles is enough for a temperature variation of 3.5°C in a
time slice. This study has been simulated by taking future projections from 7 bias corrected ensembles of CORDEX
with the RCP 8.5 scenario. Against the baseline of 20 years (1956-2005), projections of 20 years have been taken
for 1.5°C, 2°C and 4°C keeping the year of gaining that specific warming at the middle. Interestingly, some of the
later years for 1.5°C merge with some of the yearly years of the time slice for 2°C. Table 3 shows the years at
which various ensembles gain the specific warming levels.

Table 2 Details of the bias corrected ensembles of regional climate models.
Institute

GCM

RCM

Driving Ensemble
Member

Res.

RCP

SMHI

CNRM-CERFACS-CNRM-CM5

RCA4

r1i1p1

0.5°

8.5

SMHI

ICHEC-EC-EARTH

RCA4

r1i1p1

0.5°

8.5

MPI-CSC

MPI-M-MPI-ESM-LR

REMO2009

r1i1p1

0.5°

8.5

SMHI

MPI-M-MPI-ESM-LR

RCA4

r1i1p1

0.5°

8.5

SMHI

NOAA-GFDL-GFDL-ESM2M

RCA4

r1i1p1

0.5°

8.5

SMHI

IPSL-CM5A-MR

RCA4

r1i1p1

0.5°

8.5

SMHI

MIROC-MIROC5

RCA4

r1i1p1

0.5°

8.5

Table 3. The first year of passing of a Specific Warming Level (SWL).
Model

Ensemble

Year of passing

Assessment period

SWL:2

SWL:4

SWL:2

SWL:4

CNRM-CM5

r1i1p1

2046

2088

2036-2055

2078-2097

EC-EARTH

r12i1p1

2035

2083

2025-2044

2073-2092

GFDL-ESM2M

r1i1p1

2055

NA

2045-2064

NA

IPSL-CM5A-MR

r1i1p1

2034

2069

2024-2043

2059-2078

MIROC5

r1i1p1

2052

NA

2042-2061

NA

MPI-ESM-LR

r1i1p1

2040

2083

2030-2049

2073-2092

Crop Management
It is the crop management practices that influence the yield of crop. The slight change in dose of irrigation or
amount of application of fertilizer can bring out a massive change in yield of crops. Moreover, the transplant date
also has a significant impact on the final yield of crop. For the BR11 Aman crop, BRRI has given a guideline for crop
management options which is given in table 4.

Table 4. Crop management data of BR11 used in DSSAT model.
Parameter

Input Data

Planting Method

Transplant

Plantation Date

June 8

Planting distribution

Hill

Plant population at seedling

40 plants/ m2

Plant population at emergence

35 plants/ m2

Row spacing

20 cm

Planting Depth

5 cm

Transplant age

25-30 days

Fertilizer Application

72 kg/ha applied equally in 3 phases after 15, 35 and 55 days of
transplant respectively

Irrigation

700 mm applied in 15 applications with 7 days interval in 1st month
and 10 days interval later

Harvest

November 24

Calibration and Validation
Performance of a model can be evaluated through appropriate calibration and validation using the most suitable
statistical parameters (Willmott,1982; Willmott et al., 1985; Reckhow et al., 1990; Yang et al., 2000). Although the
values of correlation are of great use in hydrologic models, the single yield data can be calibrated by this
parameter. The parameters that indicate the percentage of errors are more effective in this case. For statistical
analysis, Root mean square error (RMSE) is a widely-used parameter that can give a view of the model’s
performance. For any given set of data, the deviation of the observed data from the simulated one is the error
and RMSE is a way to express it (Loague and Green, 1991). In order to get the actual significance of RMSE,
normalized RMSE or nRMSE is used which expresses the error at percentage. The formulas of RMSE and nRMSE
are as follows (Eqn. 1 and Eqn. 2)𝑅𝑀𝑆𝐸 = √∑𝑛𝑖=1
𝑛𝑅𝑀𝑆𝐸 =

𝑅𝑀𝑆𝐸
𝑂̅

(𝑆𝑖−𝑂𝑖)2
𝑛

× 100

(1)
(2)

Where Si and Oi means, the simulated and observed values in a particular year respectively, n is the number of
̅ i is the mean of the observed values.
years taken for calibration or validation and O

The objective of the calibration and validation with the grain yield was to find the correct genetic coefficients of
the cultivar by iterative approaches like some past studies (Sarkar and Kar, 2006; Saseendran et al., 2013, Ma et.
al., 2006). The iterative approach has been used in some previous studies through trial and error adjustments in
order to reach an acceptable (good or moderate) value of nRMSE (Ma et al., 2006; Mavromatis et al., 2001).
nRMSE≤15% is termed as a ‘good’ calibration while nRMSE between 15–30% is considered “moderate” and
nRMSE≥30% is a “poor” agreement (Bakhsh et al., 2013; Liu et al., 2013; Nangia et al., 2010; Gaiser et al., 2010;
Liu et al.,2011c). The genetic coefficient of BR11 for various districts of Bangladesh has been set by these
arguments. Table 5 shows the default values of the genetic coefficients and Table 6 shows the calibrated value of
these parameters in all the districts.

Table 5 Default values of Genetic coefficients of BR11 Aman rice.

Coefficient ID

Name of coefficient

Default Value

P1

Basic vegetative phase coefficient

740

P20

Critical photoperiod at maximum growth rate

180

P2R

Extent in delay of panicle initiation

400

P5

Time from emergence to maturity

10

G1

Potential spikelet number coefficient)

55

G2

Single grain weight in gm in ideal condition

0.25

G3

Tillering coefficient

1.0

G4

Temperature tolerance coefficient

0.9

Table 6 Values of genetic coefficients for all districts in Bangladesh.
Districts

P1

P20

P5

P2O

G1

G2

G3

G4

Calibration

Validation

Bagerhat

740

180

400

10.5

55

0.025

1

0.9

9.48

8.73

Bandarban

740

180

400

10

55

0.025

1

0.9

8.49

6.57

Barguna

740

181

404

10.4

55

0.025

1

0.9

9.73

5.62

Barisal

740

180

400

10.5

55

0.025

1

0.9

11.8

11.5

Bhola

740

180

400

10.5

55

0.025

1

0.9

11.43

13.65

Bogra

742

180

400

10.5

55

0.025

1

0.9

13.3

13.2

Brahmanbaria

742

182

400

10.5

55

0.025

1

0.9

13.42

12.6

Chandpur

742

182

400

10.5

55

0.025

1

0.9

12.5

13.5

Chittagong

735

177

405

10.1

55

0.025

1

0.9

16.5

10.1

Chuadanga

741

178

399

10.5

55

0.025

1

0.9

13.45

11.13

Comilla

742

182

400

10.5

55

0.025

1

0.9

14.37

11.7

Cox’s Bazar

735

177

405

10.1

55

0.025

1

0.9

15.35

12.21

Dhaka

744

182

400

10.5

55

0.025

1

0.9

14.94

15.88

Dinajpur

742

183

400

10.5

55

0.025

1

0.9

11.69

14.82

Faridpur

738

181

400

10.5

55

0.025

1

0.9

12.03

13.48

Feni

740

180

400

10.5

55

0.025

1

0.9

12.64

11.52

Gaibandha

740

180

400

10.5

55

0.025

1

0.9

7.32

8.29

Gazipur

744

182

400

10.5

55

0.025

1

0.9

13.36

15.27

Gopalganj

738

181

400

10.5

55

0.025

1

0.9

13.41

12.52

Habiganj

738

182

403

10.2

55

0.025

1

0.9

10.21

8.53

Jamalpur

740

180

400

10.5

55

0.025

1

0.9

2.8

5.7

Jessore

741

179

402

10.5

55

0.025

1

0.9

8.2

6.55

Jhalkathi

740

180

400

10.5

55

0.025

1

0.9

10.72

10.41

Jhenaidah

741

179

402

10.5

55

0.025

1

0.9

7.26

5.85

Joypurhat

742

180

400

10.5

55

0.025

1

0.9

12.78

11.28

Districts

P1

P20

P5

P2O

G1

G2

G3

G4

Calibration

Validation

Khagrachori

737

177

405

10.1

55

0.025

1

0.9

16.39

12.42

Khulna

740

180

400

10.5

55

0.025

1

0.9

7.61

7.91

Kishorganj

740

180

403

10.2

55

0.025

1

0.9

14.39

14.14

Kurigram

740

180

400

10.5

55

0.025

1

0.9

7.25

6.38

Kushtia

741

178

399

10.5

55

0.025

1

0.9

15.34

10.42

Laksmipur

740

180

400

10.5

55

0.025

1

0.9

11.92

11.45

Lalmonirhat

740

180

400

10.5

55

0.025

1

0.9

7.24

8.21

Madaripur

738

181

400

10.5

55

0.025

1

0.9

11.42

12.28

Magura

741

179

402

10.5

55

0.025

1

0.9

7.32

7.65

Manikganj

744

182

400

10.5

55

0.025

1

0.9

13.19

15.79

Meherpur

741

178

399

10.5

55

0.025

1

0.9

15.34

10.42

Moulavibazar

738

182

403

10.2

55

0.025

1

0.9

9.46

7.82

Munshiganj

744

182

400

10.5

55

0.025

1

0.9

14.94

15.88

Mymensingh

740

180

404

10.2

55

0.025

1

0.9

14.53

14.56

Naogaon

740

180

400

10

55

0.025

1

0.9

8.92

7.75

Narail

741

179

402

10.5

55

0.025

1

0.9

8.2

6.55

Narshingdi

744

182

400

10.5

55

0.025

1

0.9

13.77

14.27

Naryanganj

744

182

400

10.5

55

0.025

1

0.9

14.94

15.88

Natore

740

180

400

10

55

0.025

1

0.9

8.92

7.75

Nawabganj

740

180

400

10

55

0.025

1

0.9

10.66

9.29

Netrokona

740

180

403

10.2

55

0.025

1

0.9

12.48

13.47

Nilphamari

740

180

400

10.5

55

0.025

1

0.9

7.36

8.19

Noakhali

740

180

400

10.5

55

0.025

1

0.9

13.44

12

Pabna

742

178

400

10.5

55

0.025

1

0.9

13.74

12.93

Panchagar

742

183

400

10.5

55

0.025

1

0.9

12.47

14.39

Patuakhali

740

181

404

10.4

55

0.025

1

0.9

10.73

4.62

Districts

P1

P20

P5

P2O

G1

G2

G3

G4

Calibration

Validation

Perojpur

740

180

400

10.5

55

0.025

1

0.9

9.92

11.68

Rajbari

738

181

400

10.5

55

0.025

1

0.9

14.31

11.26

Rajshahi

740

180

400

10

55

0.025

1

0.9

8.92

7.75

Rangamati

738

178

403

10.2

55

0.025

1

0.9

11.04

11.5

Rangpur

740

180

400

10.5

55

0.025

1

0.9

7.54

8.25

Satkhira

740

180

400

10.5

55

0.025

1

0.9

7.21

9.93

Shariatpur

738

181

400

10.5

55

0.025

1

0.9

11.63

12.48

Sherpur

740

180

400

10.5

55

0.025

1

0.9

4.67

6.9

Sirajganj

742

178

400

10.5

55

0.025

1

0.9

13.89

10.73

Sunamganj

738

182

403

10.2

55

0.025

1

0.9

8.93

7.85

Sylhet

738

182

403

10.2

55

0.025

1

0.9

9.46

7.82

Tangail

740

180

400

10.5

55

0.025

1

0.9

13.03

10.1

Thakurgaon

742

183

400

10.5

55

0.025

1

0.9

12.64

13.72

Results and Discussions
Change in Climatic scenarios
Spatial pattern for the rise of temperature at the SWL’s is observed throughout the country. It is not the same for
all districts. Again, the same place does not experience same increase of the maximum temperature as that of the
minimum one. As per Figure 2, it is observed that the maximum temperature of most of the regions of the
country do not cross 1.5°C during SWL of 1.5°C. Except the northeast, northern flank and some parts at tail end of
south east, all areas of the country show an increase in the maximum temperature of 1.33-1.42° C for the SWL of
1.5°C. Rest places have variable change from 1.06°C to 1.33°C.

Figure 2. Changes in temperature patterns at Specific Warming Level of 1.5°C.

Other than the northeast districts, the scenario for the minimum temperature rise at SWL 1.5°C is quite different.
Most of the districts cross the specific temperature in case of the minimum temperature rise. However, some of
the districts like Dhaka, Manikganj, Khagrachori, Kushtia, Bagerhat and Jessor have a massive increase in the
minimum temperature of 1.8°C-2°C. The rest of the country has a rise of the minimum temperature from 1.45°C
to 1.8°C.
When it comes to the increase of the maximum temperature at SWL of 2°C, most of the districts still remain far
below the limit and do not exceed 1.7°C as per Figure 3. Some of the districts cross 1.7°C and these are the midnorthern districts like Jamalpur, Sherpur and Mymensingh; the nearby west districts of almost same latitude like:
Bogra and Joypurhat; the mid southern districts like Patuakhali and Barguna and finally Rangamati from the hill
tracts.

Figure 3. Changes temperature patterns at Specific Warming Level of 2°C.
The pattern of the rise of the minimum temperature is not uniform at SWL of 2°C as we see Figure 3. It varies
from 1.8°C to 2.5°C. Firstly, the rainfed zone of northeast (Sylhet, Hobigonj, Maulavibazar) along with mid-west
districts (Narail, Magura, Rajbari), Bandarban and Dinajpur had the minimum temperature within 1.9°C. The
majority of northwest of the country is the worst sufferer of the rise of the minimum temperature as some of
these districts even cross 2.5°C at SWL of 2°C. In a nut shell, almost the whole Rangpur division would experience
the rise of the minimum temperature above 2.25°C. Other than these parts, the places like Noakhali, Laxmipur
also experiences a rise above 2.25°C. The rest of the country other than the cited regions gets a rise of the
minimum temperature around 2°C at SWL of 2°C (1.9°C-2.25°C).
One very interesting the pattern of the rise of the maximum temperature at SWL 4°C is that it almost divides the
country in West and East in terms of change. As we see in Figure 4, other than the very northwest extremity
(Panchagar, Thakurgaon) of the country, the whole west part experiences a temperature rise above 3.8°C, while
the coastal regions also follow them. The Mid-East and Eastern part of the country has the rise below 3.8°C.
Surprisingly, Chittagong, Cox’s Bazar and Bandarban remains very unwelcome to a rise of the maximum
temperature as they remain to a increase near 3°C during SWL of 4°C.

Figure 4. Changes temperature patterns at Specific Warming Level of 4°C.

The increase of temperature rise can be perceived when it is observed that at SWL of 4°C, all the districts of the
country crosses the minimum temperature rise over this 4°C. The coastal districts of the South, the adjacent
districts like Noakhali, Laxmipur and some of the northwest districts like Sherpur, Gaibandha, Joypurhat etc. gives
a temperature rise over 4.7°C. The rest of the whole country shows a rise of the minimum temperature of 4.2°C to
4.7°C at a SWL of 4°C.
The rainfall shows an increasing trend in future and it increases as time goes on. For SWL of 4°C, we would share
more rainfall than SWL of 2°C and SWL 2°C would share more rainfall than SWL 1.5°C. The spatial distribution as
the figures is indicative that the share of shower is not uniform, rather erratic. This pattern induces droughts and
floods and such would pose a devastating threat on crop as well (Alauddin and Hossain, 2001; UNDP, 2008; GOB
and UNDP, 2009).
As we see in Figure 5, at SWL of 1.5°C, the rainfall pattern shows the maximum increase of 180-200 mm at the
northeast zone (Sylhet, Maulvibazar, Habiganj, Sunamganj) of the country compared to the baseline period. The
northwest and southeast corner of the country would share a rainfall up to 140-170 mm in that period. However,
the most of the middle part of the country has an increase of rainfall in the range of 90-130 mm at that period.
However, the South-West zone is the worst beneficiary of rainfall with rainfall up to 29-45 mm.
The rainfall pattern does not change much after the SWL of 2°C. The northeast zone would show rainfall increase
>210 mm at that period. The northwest and South-East flanks of the country would show the rainfall increase of
140-170 mm while some districts (Tangail, Manikganj, Sirajgonj) at the middle join them. Like 1.5°C SWL, at 2°C of
SWL, the major part of the country would get an increase rainfall of 90-130 mm.

The rainfall would further increase at SWL of 4°C. The most of the northeast, northwest and the southeast zone
has an increase of over 210 mm of rainfall. However, the middle part of the country would experience an
increased amount of rise in rainfall at that period (140-200 mm). Some parts of the country at the west and the
north would get an increase of 46-90 mm at SWL 4°C.

Figure 5. Changes in Rainfall Pattern at Specific Warming Levels.

Change of the yield
As the weather parameters and soil profile vary for different districts, so is their combined impact on crop yield.
Due to the combination of these two types of parameters and crop management practices, there is a spatial
pattern of Aman yield across the country. As the results are combination of four weather parameters and several
soil parameters, one particular parameter cannot control the entire pattern of the yield.
It is observed at Figure 6, when the specific warming level reaches 1.5°C, more than half of the country loses
Aman yield in a range of 2%-5% comparing to the baseline period. This constitutes the half of the country
consisting of almost the upper or the north half of the country except the northwest corner (Panchagar,
Thakurgaon). Moreover, the tail end of the southeast corner (Chittagong, Cox’s Bazar, Rangamati, Bandarban,
Khagrachori) also experiences a similar change in crop yield. The worst sufferer of Aman yield at SWL 1.5°C is the
coastal districts like Bhola. Nevertheless, the rest of the country experiences a loss of Aman yield at a range of 5%8%.

Figure 6. Spatial patterns of the changes in Aman yield at Specific Warming Levels.
As the time ticks up and we reach the warming level of 2°C, the adverse impacts on Aman yield increases. Figure 6
shows that, the zone having a loss of 2%-5% yield shrinks and confines itself to the north end only. However, the
mid north of the country is still out of this least affected zone while the Southeast part of the country still comes
under this range. The coastal zone would suffer further loss of 8%-13% compared to 8%-10% at SWL 1.5°C.
However, the rest of the country will have a uniform decrease of 4%-7% in the yield of Aman rice.
The country gets divided to four various parts when we divide them by change of Aman yield at SWL 4°C.
Primarily, the least affected zone further shrinks and remains in the den of rain fed zone of the northeast region
and some parts of the northwest corner with a change of 4%-7%. The tail end of the southeast portion and some
of the north districts (Sherpur, Jamalpur, Mymensingh etc.) experiences a decrease of yield of 5%-8%. The most of
the middle part of the country experiences a decrease of 8%-10%. However, some of the mid-East districts like
Comilla, Chandpur, Feni and Noakhali deteriorate more than previous SWL and show a loss of Aman yield at a
range 10%-13%. All the coastal regions cross the decrease above 10% like before but here the condition of some
regions become worse. The districts like Patuakhali and Bhola undergo a decrease in Aman yield from 14% to
19%. So, this shows that with the course of time the condition will deteriorate further and further.

Range of uncertainties in prediction
The range of uncertainty of the results of various models has long been a topic for discussion. It is believed that,
with use of more number of models, the uncertainty can be restrained and this would bring the studies closer to
precision. Figure 7 indicates the change in yield of Aman rice according to the various climate models
(ensembles). It is observed that, at SWL 2°C only 4 districts of the northeast zone would experience positive yield
change. However, we got 10 districts, whose yield is shown positive by some of the models. Nine districts show a
decrease over 10% yields by some models whereas the mean of four districts are below 10% decrease. In a
nutshell, at SWL 2°C, almost all districts have a yield change in between the limit 0-10%.
Although five districts cross zero line at SWL of 4°C, no district would show positive yield of Aman rice by all the
models used. The ten districts which remain above zero line at SWL 2°C would remain above 10% line at SWL 4°C.
Moreover, 30 of total 64 districts show a mean value less than 10% decrease. That means, almost half of the
country would experience more than 10% loss of Aman crop in future.

In case of the range of uncertainty, it was seen that, at SWL the level of uncertainty is more than that at SWL 2°C.
So, it shows that, with the increase in global temperature, the impacts not only become devastating but also
become more and more unpredictable day by day.

Figure 7 Box plot of the changes of Aman yield for 64 Districts in Bangladesh.

Sensitivity of the increasing CO2 on yield
Among the three emission scenarios (RCP 2.6, RCP 4.5, RCP 8.5); the worst-case scenario RCP 8.5 has been applied
for further inquiry on their impact on crop yield. Previously some studies have been done taking it into
consideration and a positive outcome was achieved (e.g., IPCC, 2001; Reilly et al., 2003; Pongratz et. al., 2012).
However, the impact of high end emission was not found as beneficial as thought according to some previous
studies and its positive impacts would decrease with the temperature rise (Hitz and Smith, 2004).
We made the experiment by increasing CO2 emission to 500 ppm at the specific temperature rise of 2°C and to
950 ppm at SWL of 4°C (IPCC 2007). From Figure 8 it is observed that, the yield of Aman rice increases to some
extent with the elevated carbon emission. However, this increase in yield is not a blessing as a whole; as they
cannot offset the bad impacts of temperature rise. Another observation of high end emission is, the increase of
yield with quantity of emission is not proportional, rather the yield shows a decreasingly increase pattern in
future.

Figure 8. Box plot of the changes in Aman yield for 64 Districts in Bangladesh considering elevated carbon
emission.

Conclusions
There has been a massive rise of the maximum and minimum temperature over the growing period of Aman in
Bangladesh. Again, the country has seen a bewildering change in yield of Aman rice at the specific warming levels
of 1.5°C, 2°C and 4°C. It is observed that the rice yield for Aman has decreased from 5% at 1.5°C SWL (specific
warming level) and for 4°C it has reached up to 15% at some regions crossing 10% decrease at SWL of 2°C.
Development, growth and yield of plants are dependent on many physiologic as well as climatic parameters like:
temperature, solar radiation, rainfall etc. For this country, it is optimum for the plants to keep temperature within
25°C-30°C. If the mean temperature crosses this limit, grain sterility would happen. From our studies, it was
observed that many of the districts would cross this optimum limit during the growing season. So, it would
definitely pose some negative impacts. High emission of CO2 has minimized some of the loss as it inspires
photosynthetic action. Unlike Basak et al. (2010), we found that these positive impacts are not enough strong to
mitigate the adversities of temperature rise.
One very obvious finding of the study is the gradual deterioration of the Aman yield with the course of time. As
the SWL 1.5°C precedes SWL 2°C and SWL 4°C; we expect the loss would be the minimum at SWL of 1.5°C. With

the temperature rise, rainfall also would increase to some extent in future. Although it cannot contribute on the
yield due to the devastating impacts of temperature, it has some spatial impacts of decreasing the loss to some
minor extent. Just for instance, the northeast zone of Bangladesh is considered to be its rainfall heaven.
In a nutshell, the results convey some messages to us. Firstly, for all the specific warming levels, we see that the
rainfall shed region of northeast has had the least impact. That indicates that, natural rainfall is necessary to
offset the bad impacts of temperature rise. Secondly, it is observed that the change of yield becomes worse as
days pass by. Again, the rate of becoming worse is more in SWL 4°C from SWL 2°C than that of SWL 2°C from SWL
1.5°C. This pattern gives us the warning that, this problem should be dealt immediately. Thirdly, the decrease in
Aman yield is the most in coastal regions. Although, these are neither the drought prone areas nor the area of
maximum rise in temperature, the combined effect of all the weather and soil parameters plays a role here. This
indicates that, even though we are concerned with temperature or radiation alone, the mystery behind the
impacts is far more complicated to be dealt with.
Finally, the impact of elevated amount of CO2 has been found to be positive on the production of Aman rice in
Bangladesh. However, this impact was not found to be enough strong to cover up the loss made by adverse
impacts of temperature rise. The source of CO2 has been the Green House Gas (GHS) emission which creates a lot
of harm to mankind and environment including rise of global temperature. So, in order to protect our food grain,
it is high time for making policies and enforce laws to cut down the high-end emission.
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Chapter 9 – Mapping of Climate Vulnerability
of the Coastal Region of Bangladesh using
Principal Component Analysis
Introduction

A country of population as large as Bangladesh, has marked as one of the most vulnerable countries in the world
considering climate change issues. Bangladesh has been characterized by extreme climatic events (DoE, 2012;
Ahmed et al., 2013) with an area of 147570 km2 (BBS, 2013) and rapidly growing population currently stands at
over 160 million (Dewan et al., 2012; DoE, 2012) as well as expected to be near 180 million by 2025 (Shaw, 2015).
The population density of the country is very high as currently stands as 1015 per sq. km. with an annual growth
rate of 1.37 percent (Shaw, 2015). By 2025, population density could be over 1200 per km 2 (Shaw, 2015). The
lower-lying coastal districts of the Bay of Bengal are highly vulnerable to extreme climate condition, including
cyclone induced storm surge, sea level rise and saline water intrusion and many more natural calamities
(Dasgupta et al., 2014).
Though vulnerability assessment is a not emerging concept, recently it emerges in the climate science and climate
policy application (Füssel, 2006) which is the first step in minimizing the impact of future extreme climate based
on socio ecological system (Adger, 2006; Howden et al., 2007). Vulnerability provides the foundation for risk level
assessment as well as building resilience (Salinger et al., 2005). Assessing vulnerability to climate change is
important for characterized the risks posed by climate change and delivers information for recognizing measures
in order to adapt to the adverse impacts of climate change. It is also the degree to which a system either
susceptible or incapable to cope with the adverse effects of climate change, including climate variability and
extremes (IPCC, 2001; Field et al., 2014). This assessment of vulnerability will facilitate stakeholders and decisionmakers to mark the most vulnerable areas, the most vulnerable social groups and the most vulnerable sectors. On
the other hand, sensitivity is the degree to which a system is experienced with positive and negative by directly or
indirectly of all elements of climate changes (McCarthy et al 2001). Adaptive capacity is the ability of a system to
cope with extreme climate variability and to moderate the potential damages (McCarthy et al., 2001; IPCC, 2001;
Burton et al., 2002; Adger et al., 2006; Brooks, 2003; Gallopín, 2006; Yohe 2002; Gerlitz et al., 2015). These three
components: magnitude of the impact (exposure), characteristics of the system (sensitivity) and the ability of the
systems to deal the impact (adaptive capacity) determines vulnerability of the system.
Coastal region has been marked as vulnerable due to the impacts on water quantity and quality from various
activities such as continuing high density of socio economic activities, rising of sea level, enhancing salt water
intrusion (Iyalomhe et al., 2015) as well as rising of temperature and changing of both cyclone and precipitation
patterns (Moser et al., 2015). Global Climate Model results have been used for assessing the agricultural impact
of climate extreme events (Glibert et al., 2014; Iyalomhe et al., 2015) and sea level rise and storm surge
(Neumann et al., 2015), coastal erosion (Barbier, 2015). It has found that the agricultural sector of southern part
in Bangladesh are severely affected by extreme climate under the higher emission scenarios (Ruane et al., 2013).
The assessment of vulnerability due to coastal inundation in present and future scenarios from sea level rise
would be useful for assessing options of climate change adaptation (McInnes et al., 2013). In the context of
climate change, assessment of current and future vulnerability due to coastal inundation is found essential
(McInnes et al., 2013). Vulnerability assessment should consider the interaction among natural processes, socio-

economic conditions, and the mechanisms of responses of the integrated ecological and economic system (Chang
and Huang, 2015).
Several studies put a separate emphasis by constructing coastal community using vulnerability indexes (Cinner et
al., 2013; Bjarnadottir and Stewart, 2011) to assess the vulnerability. In Bangladesh, the socioeconomic
vulnerability index (Ahsan and Warner, 2014; Hagenlocher et al., 2013; Chen et al., 2013; Ge et al., 2013; Eakin et
a., 2006; Yoon 2012) has been prepared for the seven union of Koyra Upazila in the southwestern coastal region
through household survey. It has been found that the southern and south eastern unions are relatively more
vulnerable (Ahsan and Warner, 2014). The drinking water quality and management vulnerability during extreme
climate events has been assessed in rural areas of the coastal region of Bangladesh (Delpla et al., 2014; Sarkar et
al., 2015). The water vulnerability in relation to global climate change provides the community a comprehensive
overview of lack of water availability to identify the specific areas where attention is needed (Plummer et al.,
2013) because the adequate safe drinking water supply is essential for economic, social and sanitary reasons
(Pagano et al., 2014). On the other hand, infrastructure vulnerability involves the consideration of a range of
physical, operational, geographical and socio-economic characteristics (Grubesic and Matisziw, 2013) extreme
climatic events resulting impact on residents and transportation infrastructure in the northeastern coastal region
(Tang et al., 2013) and incorporate economic value of infrastructure, and residential and commercial building
values (Thatcher et al., 2013).
Several tools and techniques are available for the assessment of vulnerability in a particular region. One such
tools are the vulnerability assessment through mapping as it is a powerful visualization tool to identify the most
susceptible from present to future environmental changes (Abson et al., 2012). The vulnerability mapping by
hotspot identification (Davies et al., 2010; Ericksen et al., 2011) makes easy for decision making of government,
donor agencies at the national area of Southeast Asian countries which are the most vulnerable to climate change
(Yusuf et al., 2009). In multivariate statistics, PCA is a mainstay of modern data analysis tool that is widely used
(Yeater et al., 2015; Shlens, 2014; Bro and Smilde, 2014; Kline, 2014; Blasius and Greenacre, 2014; Hou et al.,
2015; Hair et al., 2006) to depict the profile of vulnerability (Kang and Jing, 2015; Guillard-Gonçalves et al., 2015;
Singh and Vedwan, 2015) in making decisions based on spatial maps (Schiavinato and Payne, 2015; Okey et al.,
2015). PCA approach provides several potential advantages. When the original variables are correlated, the
higher orders Principal Components (PCs) is able to capture more of the total variability in the original data than
any individual original variable. The use of Principal Component Analysis techniques is applied for spatially explicit
aggregation of socioeconomic vulnerability (Miller et al., 2014), poverty (Howe et al., 2013) and health
vulnerability (Zhu et al., 2014; Fisher et al., 2015).
In this study, principal components (PCs) has been used to identify the socio, economic and environmental based
vulnerabilities through mapping in the coastal region of Bangladesh. PCA approaches to vulnerability mapping has
been applied to identify the hotspot of high vulnerability within the study area. The spatial mapping for
addressing vulnerability of population dynamics in coastal region of Bangladesh with complex agro ecological
system has been investigated. For examining the spatial variation of vulnerability, socio-economic, agricultural,
water, health, climate and bio-physical indicators have been considered. Taking national policy implication, it is
essential to know the spatial and regional explicit variation of vulnerable profile which are more vulnerable region
in terms of extreme climate condition. Hence, to guide the development initiatives of the country, spatial
vulnerability mapping in the coastal region of Bangladesh has been developed.

Study area
The coast of Bangladesh is about 710 km long and consists of 20 districts having 140 Upazilas. Most of the coastal
Upazilas in the 20 districts have elevations about 1.2-4.5 m above mean sea level. These districts are directly or
indirectly affected by various natural or man-made events. The total coastal area is about 47,201 km2 (WARPO,
2006) which lies within the tropical zone between 21ᵒ 23” N and 89ᵒ 93” E.
In subtropical climate summer extends from April to June followed by monsoon from July to September and
winter months from November to February. Agriculture is the primary source of economy and major land is used
in agricultural sector. Most of the coastal region are covered with high population density notably Chittagong and
Khulna city occupied with more than 20,000 populations per sq. km (Figure 1).

Figure 1. Study area map of coastal region of Bangladesh with population density.

Materials and Methods
Indicator based vulnerabilities assessment
The coastal belt of Bangladesh has been selected as a study area. The vulnerability profile has been developed for
baseline scenarios and for the future scenarios considering climate change. Year 2013 has been considered as
base line due to the available of various social and economic data of the study area. Year 2050 has been
considered as future scenarios as short to medium time frame is preferred by the policy makers for this region.
Many studies have been conducted using social, economic or bio-physical indicators to assess vulnerability
(Stelzenmüller et al., 2010; Metzger et al., 2006; Liu et al., 2008). This study considers only population projection
as a basis for the change of future socio economic indicator. Except for the population projection, there have
been no adequate data available which can provide the possible changes of the socio-economic indicators. Also,
all the socio-economic indicators are normalized based on the population of the Upazila. Therefore, projected
changes of population may provide a basis for the change of socio-economic indicators. For assessment of coastal
vulnerability, the socio economic and bio-physical indicators have been retrieved from secondary sources
including published report and journals. Next two sub-sections provide detail description of these indicators along
with their sources.

Socio economic indicators
A total of 24 socio-economic and 7 bio-physical indicators has been selected for the study. Data for socioeconomic indicators have been obtained from Bangladesh Bureau of Statistical Yearbook (BBS, 2013), while biophysical indicators are collected from various reports, journals, articles and maps. These collected data have been
checked and normalized before running multivariate statistical techniques. A brief description of the selected
indicators is given in Table 1. Rationale of selecting all these socio-economic indicators is presented in Table 2.
The population density driver is considered for future projection in socio economic indicators and the study
adopts the cohort component method of population projection (Hollmann et al., 1999; Spencer, 1984; Raftery et
al., 2012). Commonly the subjective, objective and structural model are used for population projection (Smith et
al., 2006; Preston, 2000). However, the present study adopts cohort component method with alternative
assumption for future fertility, mortality. The country’s populations are grouped into cohort statistical table for
future population of study area by individual age and sex (Spencer, 1984; Booth, 2006). Population in Bangladesh
in the year 2050 is assumed nearly 222 million (World Population Data Sheet, 2012).

Table 1. Description of socio economic and natural drivers for vulnerability assessment.
Dimension

Sl.

Indicators

Socioeconomic

1

Density
of
population
Male-female ratio
Literacy Rate
Gender
gap
in
literacy rate
Percentage
of
disable
Source of drinking
water
Electricity
connections
Poverty
Access to transport
facilities
Medical institutions
Govt.
primary
schools
Motor vehicles
Railway and water
way
Embankment roads
Cyclone shelters
Flood shelters
Un- metalled roads
Co-operative
societies
Growth centers
Irrigation by power
pumps
Production of rice
Nationalized
and
private banks
Insurance
companies
Bank loan
Storm
sure
inundation
Inundation due to
floods
Shoreline erosion
Shoreline accretion
Coastal elevation
1-day
maximum
rainfall
Salinity
intrusion
due to SLR

2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23

Bio-physical

24
25
26
27
28
29
30
31

Description

Unit

Sensitive
Sensitive
Adaptive Capacity
Sensitive

people/sq.km
male/100 female
percentage
percentage

Sensitive

percentage

Adaptive Capacity

number/1000 of population

Adaptive Capacity

number /1000 of population

Sensitive
Adaptive Capacity

percentage
number /1000 of population

Adaptive Capacity
Adaptive Capacity

number /1000 of population
number 1000 of population

Adaptive Capacity
Adaptive Capacity

number /1000 of population
km/1000 of population

Adaptive Capacity
Adaptive Capacity
Adaptive Capacity
Adaptive Capacity
Adaptive Capacity

km/1000 of population
number/1000 of population
number/1000 of population
km/1000 of population
number/1000 of population

Adaptive Capacity
Adaptive Capacity

number/1000 of population
number/1000 of population

Adaptive Capacity
Adaptive Capacity

metric ton
number/1000 of population

Adaptive Capacity

number/1000 of population

Adaptive Capacity
Natural

number/1000 of population
m

Natural

m

Natural
Natural
Natural
Natural

m/year
m/year
cm
mm

Natural

Percentage (%)

Data source

Bangladesh
Bureau
of Statistics
(BBS,2011)

Published
Reports,
Journal
articles and
maps

Sl.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

21

22
23

Table 2. Rationale of selecting socio-economic and bio-physical indicators.
Indicators
Rationale
(Conceptual basis)
Density
of Rapid growth of population lack in quality housing and living standard resulting an
population
increase in vulnerability
Male-female ratio
Woman can be more sensitive during natural disaster and become vulnerable due to
cultural structure and inferior social position.
Literacy rate
Increased literacy rate diminishes vulnerability by allowing access to information
which enhances the coping ability.
Gender gap in Low female literacy rate partakes a terrific impact on sector specific employment with
literacy rate
lower wages and threatens the stabilization of family planning.
Percentage
of Elderly and disabled face great risk of vulnerability because of obstruction in mobility
disable
and are most sensitive groups during natural hazards.
Source of
Households with access to improved source of drinking water are less susceptible to
drinking water
frequency of associated diseases to climate change.
Electricity
Access to electricity connection is fundamental to daily life as a tool of affordability to
connection
the quality of life and ensures socio-economic development.
Poverty
People below poverty line encounters great risk due lack in nutrition, health facilities
and being exposed to environment during hazards.
Access to
Improved transport system reduces vulnerability by facilitating early waning and
transport facilities
disaster management.
Medical
Important for rural health and hygiene practice contributing ultimate vulnerability
institutions
reduction.
Govt.
primary Level of education is considered as an important determinant of socio-economic
schools
growth and represents adaptive capacity of a community.
Motor vehicles
Enriches level of urbanization and reduces vulnerability by moving to places with less
risk.
Railway and water Increased overall communication networks reduce people’s vulnerability by early
way
warning systems in disaster risk management strategies.
Embankment roads Embankment roads on coastal estuarine are considered as adaptive capacity
providing an extensive economic and ecological services.
Cyclone shelters
Cyclone cause less damages to these shelters than the regular households. Cyclone
shelter are likely to be less vulnerable to hazardous impacts of climate change.
Flood shelters
Flood shelter provides security to people in case of emergency and flood inundation
taming the coping ability immediately after disaster.
Un- metalled roads There is an essential correlation between access to roadway and better living.
Increased road length progresses the adaptive capacity during emergency.
Co-operative
Region with better co-operational activities are presumed to be more able to adapt to
societies
climatic stresses.
Growth centers
Quality of infrastructure is an important measure of relative adaptive capacity. Higher
the standard of infrastructures lower the risk of vulnerability.
Irrigation by power Irrigation is an important adaptation-enabler as it enables farmers save crops during
pumps
dry spells or droughts. It is also strongly related to technology adoption. Groundwater
is the primary source of drinking water to nearly half of the world's population and, as
the dominant source of water to irrigated land, is critical to global food security.
Production of Rice
Higher crop and vegetable productivity and yield is directly proportional in reducing
the vulnerability of the area by availability of more food being available and more
income for farmers and thus their ability to cope with adversities.
Nationalized and Greater number of these banks implies easy credit to small and marginal farmers
private banks
which performs a fundamental role in the development the rural economy.
Insurance
Recover from losses more quickly due to insurance, social safety nets, and
companies
entitlement programs.

24

Bank loan

25

Storm
surge
inundation (m)
Inundation due to
riverine floods (m)

26

27
28
29
30
31

Shoreline erosion
(m/year)
Shoreline accretion
(m/year)
Coastal elevation
(cm)
1-day
maximum
rainfall (mm)
Salinity intrusion
due to SLR (%)

The higher the percentage of total inhabitants get help from local banks and have
access to income sources, the lesser the vulnerability.
Storm sure inundation increases the level of vulnerability with a potential impact on
infrastructure.
24-hour flood map is used based on the potential severe damages that road,
infrastructure, flood embankments, and rural houses usually are subject to from
floods of such duration.
Shoreline change comparison is considered as increase in shoreline erosion increase
vulnerability.
Coastal vulnerability decreases with shoreline accretion.
Coastal vulnerability decreases with coastal elevation.
1-day maximum rainfall is considered as increase in maximum rainfall increase
vulnerability.
Salinity intrusion due to SLR is considered as increase in salinity increase vulnerability.

Bio-physical indicators
The 7 natural system indicators for the present base scenario have also been classified based on the collected
information from different sources and literature. A brief description of the bi-physical indicators is provided in
Table 1. Rationale of selecting these bio-physical indicators is provided in Table 2. For most of the cases, the
natural system indicator data were collected from maps of different study reports and research articles. The maps
were digitized and overlaid with the coastal Upazila map using GIS tool to determine the values of the respective
indicator. Then the data were classified according to vulnerability range from 1 to 5. Inundation due to storm
surge in the coastal Upazilas was obtained from an inundation risk map developed by IWM (2009) (Supp. Fig. 1).
The flood risk exposure map for 24-hour inundation of Bangladesh was obtained by a study of World Bank (2010)
(Supp. Fig. 2). Shoreline erosion and accretion has been obtained from the study conducted by Sarwar and
Woodroffe (2013) (Supp. Fig. 3). Salinity intrusion due to sea level rise for the present scenario has been obtained
from the study conducted by Center for Environmental Geographic Information Service (MOEF, 2009) (Supp. Fig.
4). The 1- day maximum rainfall data collected from Bangladesh Meteorological Department (BMD) for 23
stations of the duration 1981-2010 to generated interpolated risk map. Coastal digital elevation model (DEM)
maps f 50m resolution collected from IWM (2014). Inundation map due to storm surges considering climate
change was from World Bank (Dasgupta et al., 2010) (Supp. Fig. 5). Flood risk exposure map for climate change
scenario in 2050 was developed by considering changes in temperature and precipitation levels and increases in
the sea level (World Bank, 2010) (please see Supp. Fig. 6). Salinity intrusion for different sea level rise projection
map was used for possible future changes of salinity (MOEF, 2009) (please see Supp. Fig. 4). Future 1-day
maximum rainfall data has been collected from the regional climate model predictions for the RCP 8.5 scenarios
over the CORDEX-SA domain. Finally, the risks maps of bio-physical indicators are digitized and overlaid with the
coastal Upazila maps using GIS tool to determine the values of the respective indicator for each Upazila.

Normalization of the indicators
Normalization is important for multivariate statistical analysis as some variables have large of variance and some
of them have small range of variance. Normalization technique that implies the transforming dataset to a specific
range (0 to 1) is thus essential. Normalization techniques has been applied to create more robust relationship
amongst the dataset and implies to normalize residuals using the methods of transformation (Quackenbush,
2002). To avoid the influence of one variable to other variables, dataset has been normalized. Similar approach

has been followed in developing human development index and life expectancy index (UNDP, 2007; Coulibaly et
al., 2015; Piya et al., 2012). Data normalization has been done using the following equation (Eq. 1).
Xd −Xmin
max −Xmin

Index, X d=X

(1)

Where, 𝑥𝑑 is an observed value in an array of observed values for a given variable; 𝑥𝑚𝑎𝑥 is the highest value in
the same array; 𝑥𝑚𝑖𝑛 is the lowest value in the same array.

Principal Component Analysis (PCA)

The principal component analysis has been used by many scientific discipline. PCA is a statistical procedure that
applies an orthogonal transformation in order to convert a set of observations which might be possibly correlated
variables into linearly uncorrelated variables called principal components. This transformation is conducted in
such a way that the first principal component has the largest possible variance, and each of the next principal
component has the highest variance possible following the constraint that it is orthogonal to the preceding
components. Finally, the resulting vectors produced by PCA are an uncorrelated orthogonal basis set.
In mathematically the PCA depends on the Eigen vector based multivariate analysis (Abdi and Williams, 2010).
The principal component analysis can be done by eigenvalue decomposition of a data covariance (or correlation)
matrix or singular value decomposition of a data matrix. The results of a PCA are usually presented in terms of
component scores, which is often known as factor scores (the transformed values of variable related to a
particular data point), and loadings (the weight use to multiply each standardized original variable in order to get
the component score) (Wold et al., 1987).
The quality of PCA can be evaluated by cross validation using either bootstrapping or jackknife method (Abdi and
Williams, 2010). However, the application of PCA implies to maximize variance of a simple linear combination in a
direction orthogonal to the first principal component (PC) and so on. For example, the first principal component
analysis could be used to calculate unbiased weight and batter data interpretation that minimize the total sum of
squared perpendicular distance from the points to the line (Rencher, 2002). There have been different scientific
methods for determining the number of principal components to retain. In PCA algorithm, number of principal
components (PCs) have been determined based on a rule of thumb proposed by Kaiser (1960). According to that
rule, a component will be retained if its eigenvalue is greater than unity. PCA is performed to calculate the
components unbiased weight based on their factor scores and the proportion of variance of each component as
described by Zhu et al. (2014) and Jolliffe (2002). In PCA analysis, prior to the PCs retention, several test statistics
has been performed to assess the suitability of representative data. These tests include Kaiser-Meyer-Olkin
(KMO) measure of sampling adequacy and range from 0 to 1 with >0.50 considered as suitable for PCA. The
Bartlett’s test of Shericity should be the level of significant with ‘p’ values less than 0.5 (p<0.5) for PCA. Scree plot,
is another method of PCs retention, explores the graphical interpolation method in decreasing order of
eigenvalue with a line to determine the point at which the significant break point exists (Cattell, 1966; Ledesma
and Valero-Mora, 2007). Varimax rotation methods also applied which maximizes high item loadings and
minimizes low item loadings thus providing more clear interpretation in a simplified way (Williams and Onsman,
2012).

Cluster analysis
The cluster analysis encompasses a number of algorithms and methods to identify structures within the data as
homogeneous group of cases. Cluster analysis has been applied to wide range of research problems (Anderberg,
2014; Duran and Odell, 2013; Tan, et al., 2013). In this study, the k-mean clustering method has been applied to
produce much more stable cluster boundaries. In order to identify a reasonable optimal number of ‘k’ clusters,

the sum of square errors (SSE) metric (Zhang et al., 2016) has been determined in conjunction with the elbow
method (Hamann et al., 2015; Kashani and Graettinger, 2015). A good clustering with smaller ‘k’ can have a lower
SSE than a poor clustering with higher ‘k’ (Tan et al., 2013). It has been found that 3 number of clusters can
explain more than 72 percent variability having a SSE value less than 0.5. These three clusters are named as low,
medium and high scale with the range between 0.00-0.30, 0.40-0.70 and 0.80-1.00, respectively for both present
and future cases. All the 140 coastal Upazilas have been expressed in terms of the three clusters: high, medium
and low. Based on these optimal 3 clusters, the vulnerability scale maps have been generated.

Results and Discussions
In this study, principal component analysis has been conducted to reduce variables quantities into a smaller
number of variables- called principal components (PCs) as well as provides the useful information of original
dataset as mentioned by Thompson (2004) and Williams et al. (2012). A pairwise correlation matrix has been used
in PCA process visualizing the relations between respective variables thus attempt to reduce initial matrix to a
subset of non-highly correlated metrics as described by Abson et al. (2012). Kaiser-Meyer-Olkin (KMO) measure of
sampling adequacy test value has found about 0.782 for present set and 0.648 for future dataset. Bartlett’s test of
Shericity provides values of 0.000 for both cases indicates suitability of these dataset and highly significant for
running principal component analysis. The Kaiser’ criterion with eigenvalue greater than one (Kaiser, 1960) and
Cattell scree test have performed to extract the number of principal components (PCs) (Cattell, 1996). In both
cases, 7 principal components have been retained in present study that tabulated below in which Table 3 for
present scenario as well as Table 4 for future scenario. Table 3 and Table 4 demonstrate cumulative percentage
of variance of 81 percent under present and 78 percent under future scenarios for 7 principal component (PCs)
that having an Eigen value greater than one, respectively. Varimax orthogonal rotation method has been used for
PCAs analysis to develop principal component metrics which are uncorrelated to provide more meaningful data
interpretation.

Table 3. List of retained principal component weights of all indicators for present scenario.
Sl.
1
3
2
11
4
22
23
24
21
20
13
6
5
8
10
27
28
26
25
29
30
31
15
16
18
7
19
9
17
14
12

Indicators
Population density
Literacy rate
Male female ratio
Govt. primary schools
Gender gap in literacy rate
Nationalized and private banks
Insurance companies
Bank loan
Production of rice
Irrigation by power pumps
Railways and water ways
Source of drinking water
Percentage of disable
Poverty
Medical institutions
Shoreline erosion
Shoreline accretion
Inundation due to floods
Storm surge inundation
Coastal elevation
1-day maximum rainfall
Salinity intrusion due to SLR
Cyclone shelters
Flood shelters
Co-operative society
Electricity connections
Growth centers
Access to transport facilities
Un- metalled roads
Embankment roads
Motor vehicles
Eigenvalue
Cumulative variability (%)

PC 1
0.077
0.496
0.251
0.471
0.785
-0.065
-0.014
-0.048
0.047
-0.157
0.283
0.022
0.007
-0.227
-0.175
0.019
0.109
-0.445
0.077
0.234
-0.011
-0.128
-0.078
0.026
-0.113
-0.525
0.071
-0.165
0.230
0.065
0.046
3.42
32

PC 2
0.023
0.287
-0.018
0.116
0.123
0.869
0.509
0.860
0.037
0.021
-0.015
0.018
0.050
-0.083
0.082
0.013
0.104
0.110
-0.031
0.051
0.024
0.009
-0.115
-0.030
0.285
-0.022
0.039
-0.075
-0.046
-0.136
0.551
2.87
41

PC 3
-0.059
0.269
0.052
-0.471
0.09
-0.038
0.259
0.038
0.473
0.553
-0.536
0.067
-0.017
0.023
0.078
-0.012
-0.053
-0.180
0.021
0.291
-0.035
-0.110
0.152
0.030
-0.001
0.054
0.066
-0.586
0.066
0.046
0.057
2.58
48

PC 4
-0.082
-0.142
-0.139
-0.061
0.188
-0.066
-0.161
-0.054
-0.164
-0.122
0.743
0.763
0.008
0.316
-0.009
0.021
0.023
0.101
-0.08
0.286
-0.006
0.702
-0.028
0.067
-0.191
-0.212
0.045
-0.129
0.097
-0.758
0.048
2.11
54

PC 5
-0.107
0.236
0.0256
-0.399
-0.06
0.052
-0.035
0.103
0.213
-0.058
0.121
-0.76
0.507
0.328
0.777
-0.035
0.020
-0.328
-0.119
0.153
-0.099
-0.059
0.042
-0.026
0.031
0.024
0.187
0.043
0.005
0.253
-0.291
1.58
67

PC 6
-0.005
0.195
0.103
0.235
0.093
-0.017
0.181
0.133
0.107
0.034
0.088
-0.005
0.026
0.144
-0.536
0.521
0.110
0.455
0.777
0.298
0.332
0.795
-0.014
-0.055
0.023
-0.005
-0.025
-0.055
-0.715
0.063
-0.083
1.33
72

PC 7
-0.259
0.061
-0.511
0.007
0.785
0.039
0.025
0.165
0.107
-0.021
-0.125
-0.026
-0.11
-0.192
0.064
-0.168
0.014
-0.051
-0.047
0.227
0.023
0.195
0.723
0.087
0.484
0.231
0.464
0.709
0.750
0.782
0.554
1.024
81

Table 4. List of principal component weights of all indicators for future scenario.
Sl.
1
3
2
11
4
22
23
24
20
21
6
13
5
8
10
26
27
28
25
31
29
30
15
16
18
7
19
9
17
14
12

Indicators
Density of population
Literacy rate
Male-female ratio
Govt. primary schools
Gender gap in literacy rate
Nationalized and private banks
Insurance companies
Bank loan
Irrigation by power pumps
Production of rice
Source of drinking water
Railway and water way
Percentage of disable
Poverty
Medical institutions
Inundation due to floods
Shoreline erosion
Shoreline accretion
Storm surge inundation
Salinity intrusion
Coastal elevation
1-day maximum rainfall
Cyclone shelters
Flood shelters
Co-operative societies
Electricity connections
Growth centers
Access to transport facilities
Un- metalled roads
Embankment roads
Motor vehicles
Eigenvalue
Cumulative Variability (%)

PC 1
0.064
0.419
0.537
0.470
0.373
-0.068
-0.024
0.056
0.055
-0.013
0.012
0.073
-0.147
-0.475
-0.201
-0.635
0.005
-0.198
0.001
-0.933
-0.913
-0.078
0.001
0.005
0.037
-0.119
0.029
-0.102
-0.029
0.017
-0.115
3.82
28

PC 2
0.006
0.281
-0.002
0.082
0.139
0.877
0.608
0.855
0.040
0.009
0.031
-0.035
0.062
-0.116
0.071
-0.005
-0.042
0.098
-0.054
0.032
0.032
-0.024
-0.117
-0.052
0.288
-0.004
0.026
-0.093
-0.028
-0.111
0.506
3.11
36

PC 3
-0.019
0.288
0.008
0.364
0.272
0.023
0.608
0.073
0.665
0.761
0.080
0.556
0.061
0.147
0.047
-0.091
-0.064
-0.008
-0.092
0.085
0.085
-0.034
0.120
-0.003
0.093
0.273
0.088
-0.809
0.048
-0.028
-0.110
2.64
44

PC 4
-0.08
-0.072
0.021
-0.049
0.033
0.001
0.094
0.034
-0.471
-0.761
0.783
0.556
0.050
-0.149
-0.114
-0.188
-0.726
0.374
0.078
0.071
0.071
-0.112
0.264
0.034
0.048
-0.114
-0.019
0.013
0.239
-0.175
-0.139
2.99
58

PC 5
0.009
0.306
0.348
0.078
0.241
0.053
-0.094
0.103
0.006
-0.139
-0.035
-0.492
0.775
0.475
0.778
-0.498
-0.135
0.022
0.048
-0.057
-0.057
0.052
-0.740
-0.031
0.067
-0.571
-0.037
0.114
-0.179
-0.165
-0.141
2.01
62

PC 6
-0.079
-0.131
-0.159
-0.126
-0.334
-0.027
-0.049
-0.046
-0.350
-0.100
0.269
0.010
0.115
0.100
-0.028
0.635
0.726
0.374
0.788
0.933
0.933
0.552
0.040
0.016
-0.124
-0.133
0.126
-0.041
0.120
0.768
-0.131
1.51
69

PC 7
-0.026
-0.419
-0.537
0.292
-0.394
0.005
-0.031
0.054
0.119
0.103
0.383
0.098
0.139
0.081
-0.104
-0.029
0.076
-0.003
-0.049
0.015
0.015
-0.774
0.663
0.813
0.492
0.571
0.782
0.809
0.706
0.768
0.546
1.00
78

Unbiased weights were found for each individual indicator after carrying out PCA for the present period and
shown in Table 2 in which 7 vulnerable groups as Principal Component 1 (PC1) to 7 (PC7) are tabulated with the
loadings. In Table 3 and Table 4 the heaviest loadings have been marked as bold shaded. Table 3 shows different
types of vulnerabilities as per 30 indicators arranged according to the highest value of PCA loadings. The 7 groups
are titled with heavily loaded and termed them into vulnerability profiles. In which PC1 as Demographic
Vulnerability; PC2 as Economic Vulnerability; PC3 as Agricultural Vulnerability; PC4 as Water Vulnerability; PC5 as
Health Vulnerability; PC6 as Climate change and extremes Vulnerability and PC7 as Infrastructural Vulnerability.
Indicators of these groups are selected based on their heaviest loadings and marked by bold shade in Table 3 and
Table 4. The PC1 (Demographic Vulnerability) has been highly loaded by 5 indicators: population density, literacy

rate, male female ratio, govt. primary school and gender gap in literacy rate. The PC2 (Economic Vulnerability) has
been loaded for 3 indicators which are nationalized and private bank, insurance company and borrowing money
from bank. The PC3 (Agricultural Vulnerability) has been loaded for 2 indicators which are rice production and
irrigation by power pump. The PC4 (Water Vulnerability) has been loaded for 2 indicators which are the length of
water ways and water source. The PC5 (Health Vulnerability) has been loaded for 3 indicators which are disable
people, poverty and medical institution. The PC6 (Climate change and extremes Vulnerability) has been loaded for
6 indicators: medical institution, inundation due to flood, storm surge inundation, coastal elevation, rainfall and
salinity intrusion. The PC7 (Infrastructural Vulnerability) was loaded for 9 indicators: cyclone shelter, flood shelter,
cooperative society, electrified village, growth centers, transport facility, non-metallic road, length of
embankment road and motor vehicle. These 7 PC groups of vulnerabilities were found for both present (2013)
and future (2050) scenario and used to generate GIS maps to investigate the influence of spatial distribution of 7
PC types of vulnerabilities across the coastal area of Bangladesh. Figure 2 and Figure 3 demonstrate the present
and future vulnerability scenario for the coastal region of Bangladesh based on PCA.

Figure 2. Present (2013) vulnerability scenarios for the coastal region of Bangladesh.

Figure 3. Future (2050) vulnerability scenarios for the coastal region of Bangladesh.
With a large and growing population and low adaptive capacity, coastal region of Bangladesh is highly vulnerable
to extreme climatic events. The coastal region of Bangladesh has already experienced major threat of sociodemographic vulnerability (PC1). The spatial discrete map provides an indication that the coastal regions or
Upazilas will be relatively more vulnerable considering the demographic changes in the future (Figure 2(a) and
Figure 3(a)). The number of high and medium vulnerable coastal Upazilas has been increased from 53 to 61 and
from 49 to 64 respectively from present to future changed climate. However, the number of low vulnerable
Upazilas reduced from 38 to 15 Upazilas from present to future changed scenario (Table 5).
The economic vulnerability has been defined as greater economic distress dealing with economic resource and
losses, arising out of economic openness (Briguglio et al., 2009; Rosenblatt and Keller, 1983). In this study, the
term economic vulnerability (PC2) has been defined as the lack of financial capital availability in the Banking and
risks arising from lack of insurance coverages. The future vulnerability in coastal region of Bangladesh are likely to
be significantly higher than present regional variation in coastal belt of Bangladesh. Considering economic
vulnerability from present to future changed climate, the number of high vulnerable coastal Upazilas has been
increased from 14 to 22 (Table 5). The changed in economic vulnerability status of coastal Upazilas from present
to future is also depicted through spatial aggregation maps (Figure 2(b) and Figure 3(b)).
The changed climate will create an additional stress and have direct negative consequence on food security across
the coastal belt. The crop production undergoes change in most of the coastal Upazilas are aggravated by
extreme climate in the future. Extreme climate poses significant threat to agricultural development. The high
level of agricultural vulnerability (PC3) has been found in study area as shown in spatial maps (Figure 2(c) and
Figure 3(c)). High vulnerable coastal Upazilas will be increased from 41 to 57 whereas the low vulnerability region
will be reduced from 22 to 17 (Table 5).
A large proportion of population has already been experienced water vulnerability and raised demand of water
availability in most of the part of world (Vörösmarty et al., 2000). The coastal region of Bangladesh have already
experienced as increasing demand of drinking water and fresh water requirements to maintain healthy

ecosystem. In future, the number of high vulnerable coastal Upazilas will be increased from 55 to 70 due to sea
level rise and consequent saline water intrusion (Table 5). The spatial aggregation maps also depicted an
increasing trend of water vulnerability of the study area (Figure 2(d) and Figure 3(d)).
The potential human health impacts of climate change are needed to inform the development of adaptation
strategies, policies, and measures to lessen projected adverse impacts (Ebi et al., 2006). Recent evidence suggests
that the associated changes in temperature and precipitation are already adversely affecting population health
(Sari Kovats et al., 2003). About 28 percent of total population has lived in coastal region of Bangladesh and highly
vulnerable to health (PC5) for negative impact of climate variability and sea level rise in coastal region of
Bangladesh. The spatial maps clearly show that the most of the coastal region are highly vulnerable for health
issues (Figure 2(f) and Figure 3(f)). Considering climate change, the number of high vulnerable of coastal Upazilas
will be increased from 46 to 65 while the low vulnerable Upazilas will be reduced from 47 to 12 (Table 5).
Based on a number of recent studies, it can be easily found that climatic disasters such as cyclone, storm surge,
floods and drought will be more frequent and intense in the future. The climate vulnerability (PC6) will be
enhanced in the coastal region of Bangladesh due to geographic settings, dense population and poverty. The
number of high vulnerable of coastal Upazilas will be increased from 60 to 88 while the low vulnerable Upazilas
will be reduced from 40 to 30.
Infrastructure related vulnerability (PC7) will also be higher in the future due to climate change. The climate proof
infrastructure will be required to combat climate change in the coastal region of Bangladesh. The number of high
vulnerable coastal Upazilas will be increase from 39 to 48 while low vulnerable Upazila will reduce from 40 to 26.
Table 5. Cluster analysis with relative vulnerability scale for 140 coastal Upazilas.
PCs

Vulnerability
profile names

Total No. of
Upazilas

Relative vulnerability scale
High

Medium

Low

Present

Future

Present

Future

Present

Future

140

PC1

Demographic

53

61

49

64

38

15

140

PC2

Economic

14

22

82

78

44

40

140

PC3

Agricultural

41

55

77

68

22

17

140

PC4

Water

55

70

62

60

23

10

140

PC5

Health

46

65

46

85

47

12

140

PC6

Climate

60

88

40

22

40

30

140

PC7

Infrastructure

39

48

51

66

40

26

140

The use of PCA to derive multiple independent component of vulnerability from 30 indicators of sensitivity,
exposure and adaptive capacity considering in the broad scale mapping is able to assess different components of
vulnerability. For current and future climate change scenario in study area, the pattern of vulnerability of coastal
Upazilas has been changed. Composed by a combination of social, economic, physical and environmental factors,

the assessment implies combining different domains and makes it therefore a challenge to identify a metric for
vulnerability. Here, vulnerability has been defined in the context of climate change and developed spatial
aggregation map of multi-sectoral vulnerability profile in coastal region of Bangladesh, which is largely prone to
extreme climatic events (Kienberger et al., 2009). The high vulnerability and low adaptive capacity are major
concern in coastal regions of Bangladesh. People of coastal region lived exacerbate with health diseases and
access to inadequate drinking water, infrastructure and technology, degradation of natural resources and its
ecosystem. It is needed to address the potential challenges of climate variability and extreme.
South Asian region has been projected to be the worst suffers of the extreme events of climate change. Recent
destructive flooding in 2016 and 2017 affected the low-lying flood plains and urban areas in Bangladesh, India,
Nepal, Pakistan, Bhutan and China. On the other hand, severe droughts and changes of seasonal rainfall patterns
effected Pakistan, India and Bangladesh. Wheat production in India decreased up to 50% by the end of the
century while rice production in Bangladesh will be decreased by 30% at the end of the century. This will pose
harmful impact the hundreds of the million-people living in this region who rely on these two staple foods. This
study also supports that vulnerability execrated by extreme climate change (PC6) in Bangladesh will be higher in
the future. As there are verities of climate zones, diverse in landscape, involvement of different sectors and
actors, it’s not so easy to combat climate effects without multilateral consensus to combat these problems in a
sustainable way.

Conclusions
This study has identified 7 principal components through PCA which has been grouped as PC1 (Demographic
Vulnerability), PC2 (Economic Vulnerability), PC3 (Agricultural Vulnerability), PC4 (Water Vulnerability), PC5
(Health Vulnerability), PC6 (Climate Vulnerability) and PC7 (Infrastructural Vulnerability). For all 7 PCA groups
(termed as vulnerability profile), the number of high and medium vulnerable coastal Upazilas will be increased in
the future. No of high vulnerable Upazila will increase from 53 to 61 for PC1, from 14 to 22 for PC2, from 41 to 22
for PC3, from 55 to 70 for PC4, from 46 to 65 for PC5, from 60 to 88 for PC6, from 39 to 48 for PC7, respectively.
PCA based assessment of the vulnerability of coastal region of Bangladesh demonstrates that different aspects of
vulnerability are spatially discrete, with different areas characterized by different types of vulnerability. PCA
technique for vulnerability assessment is found a very useful tool to identify vulnerable areas in the coastal region
of Bangladesh considering both present and future climate change. The findings of this study might be useful for
the policy makers as well as planners of the country to combat the challenges posed by climate change.
This study also suffers from many limitations such as - i) same time period data was not available for every
indicator chosen for this study, ii) since required data was not accessible during the study period, most of the data
used have been compiled from secondary sources available in public domain, iii) multiple regional model output
for only extreme scenarios have been used for the climate projections, iv) all the impact models used have their
own limitations in terms of mimicking the reality along with the coarse input data used, and v) output
vulnerability maps are contingent with the choice of indicators retained and aggregation of datasets.
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Chapter 10 – Defining sowing and harvest
dates based on the Asian Summer Monsoon
Introduction

The work presented here is a summary of the paper with the same title, submitted to Earth System Dynamics
Discussions (October 2017) as part of the HELIX project. The aim of this work is to improve on the global input
data from Sacks et al. (2010), currently used within JULES to define sowing and harvest dates for crops in South
Asia. Improving the input data to JULES will make sure that the crops are grown within the model at the most
appropriate time of the year for the region.
Sowing and harvest dates are a significant source of uncertainty within crop models especially for regions where
high-resolution data are unavailable or, as is the case in future climate runs, where no data are available at all.
Global datasets are not always able to distinguish when wheat is grown in tropical and sub-tropical regions, they
are also often coarse in resolution. South Asia is one such region where large spatial variation means higher
resolution datasets are needed, together with greater clarity for the timing of the main wheat growing season.
This is illustrated by Figure 1 which shows the averaged rice (green rectangles) and wheat (orange rectangles)
growing season durations for Sacks et al. (2010) (diagonal hatching) and the Bodh et al. (2015) dataset
(perpendicular hatching-labeled MinAg) over-laid on the present day South Asia averaged precipitation
climatology and estimates of the monsoon onset and retreat. This highlights the large differences between the
regional Bodh et al. (2015) dataset and the global Sacks et al. (2010) dataset, showing that in Sacks et al. (2010),
the main growing period for both rice and spring wheat appears to be during the monsoon. While rice is usually
grown during the monsoon it is not typical that wheat should be grown during this period for this region. The
growing season durations for the Bodh et al. (2015) dataset are more typical of this region with rice (green)
growing during the monsoon and wheat (orange) growing during the dry season. The Bodh et al. (2015) dataset,
provided by the Indian Ministry of Agriculture and Farming is referred to hereafter using the abbreviation MinAg.

Figure 1: The one and half year precipitation climatology for the 1990-2007 period averaged for South Asia for
each simulation (ERAint-cyan line, ECHAM5-blue line, HadCM3-red line) and APHRODITE observations (black line)
using a 5-day smoothed rolling mean. Also shown are the growing seasons also averaged for 1990-2007 for South
Asia for wheat (orange) and rice (green) from two datasets; Sacks et al. (2010) (diagonal hatching -labelled sacks)
and Bodh et al. (2015) (perpendicular hatching-labelled minag) and the monsoon onset (blue vertical lines) and
retreat (pink vertical lines) from each of the simulations (APHRODITE-dotted, ERAint-dashed, HadCM3-solid,
ECHAM5-dash dot.

Data and Methods
Agriculture in South Asia is closely associated with the dominating climatological phenomena, the Asian Summer
Monsoon (ASM) with rice and wheat being two highly important crops for the region. We present a method
summarized in Figure 2, for estimating the crop sowing and harvest dates, for rice and wheat, using the ASM
onset and retreat. The aim of this method is to provide a more accurate alternative to the global datasets of
cropping calendars than are currently available and generate input for climate impact assessments.

Figure 2: A flow chart summarizing the methodology. The blue rectangles represent datasets that are used within
the methodology, green rectangles represent observations and pink rectangles represent any calculations parts of
the methodology.

Results and Discussions
We first demonstrate that there is skill in the model prediction of monsoon onset and retreat for two downscaled
General Circulation Models (GCMs) by comparing modelled precipitation with observations. Figure 3 shows the
monsoon onset (left column) and the retreat (right column) of the South Asian Summer Monsoon as defined
using the NPPI metric described in Section 2.2 of Mathison et al. (submitted Earth System Dynamics Discussions
October 2017). The NPPI index for the climatology of the APHRODITE precipitation observations (Yatagai et al.,
2012) are shown in plots (a) and (b) of Fig. 3 for comparison with the precipitation climatology (1990-2007) for
each of the regional climate models (RCMS) shown in the remaining plots of this figure. The RCMs generally
compare well with the APHRODITE observations.

Figure 3: Plots of the 1990-2007 monsoon statistics; monsoon onset (left column) and retreat (right column). The
APHRODITE precipitation observations (a and b) are shown and the three model simulations; ERAint (c and d),
HadCM3 (e and f) and echam5 (g and h) calculated using the NPPI metric. White areas are the regions where the
model precipitation exceeds the threshold indicating the start of the monsoon at the initial pentad, this does not
imply early monsoon but more likely a model bias in the precipitation at this location.

Figure 4 shows the comparison between the rice sowing MinAg observations compared with the monsoon onset
in the simulations and APHRODITE observations; the blue regions show that rice sowing occurs around the time of
monsoon onset for a large proportion of India with the model within or at least close to (yellow regions) the range
of the observations. Figure 4 highlights that observed rice sowing dates generally compare well with the monsoon
onset in the model. In general, the differences between rice harvest and monsoon retreat are larger but still
consistent across the region. Fig 1 illustrates that the the average sowing and harvest dates for rice and wheat are
closely aligned with the monsoon precipitation from all three RCM simulations.

Figure 4: The comparison of the model monsoon onset in terms of the days of the year (to within the pentad) and
the range of days of the year for the observed sowing date for rice. This is shown in terms of hit (blue) and
overlap (yellow) or if there was no overlap this is shown as a miss (red).

We then calculate and apply sowing and harvest rules for rice and wheat for each simulation to climatological
estimates of the monsoon onset and retreat for a present-day period. We show that this method reproduces the
present day sowing and harvest dates for most parts of India. Figure 5 shows the monsoon derived estimates of
rice sowing dates (left column) and compared with MinAg observations (right column). In general, the monsoon
derived estimates of sowing and harvest dates compare well with observations across much of the region for both
crops. There are small areas where the differences between the estimated sowing and harvest dates are larger,
these differences may be explained by the differing monsoon characteristics for the south of India.

Figure 5: The monsoon derived rice sowing dates (left) and the difference between the MinAg observations and
the monsoon derived rice sowing dates (right) for the period 1990-2007.

Application of the method to two future simulations, is shown in the annual cycles of precipitation for two future
periods (plot a show 2040-2057 and plot b shows 2080-2097) in Figure 6. This figure illustrates that the estimated
sowing and harvest dates are successfully modified to ensure that the growing season remains consistent with
the internal model climate. Therefore, providing a useful way of modelling potential growing season adaptations
to changes in future climate.

Figure 6: The one and half year precipitation climatology for the period 2040-2057 (a) and the 2080-2097 (b)
averaged for the whole of South Asia for each simulation (HadCM3-red line, ECHAM5-blue line) using a 5-day
smoothed rolling mean. Also shown are the monsoon derived growing seasons for wheat (orange) and rice
(green) calculated using the method described in Fig. 2 for HadCM3 (perpendicular hatching) and ECHAM5
(diagonal hatching). The monsoon onsets for each simulation are shown using blue vertical lines and retreat pink
vertical lines (ECHAM5-dash dot lines, HadCM3-solid lines).
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Chapter 11 – Glacier volume projections under
high-end climate change scenarios
Introduction

We present glacier volume projections under the high-end climate change scenarios of 1.5, 2 and 4oC global average
warming. Glacier volume is modelled by modifying the Joint UK Land Environmental Simulator (JULES) to represent subgrid scale orography. Present day mass balance is calibrated by tuning seven model parameters and comparing
modelled mass balance profiles to observations from the World Glacier Monitoring Service. We apply the model to an
ensemble of high-end climate change scenarios from the HadGEM3 model, to simulate mean glacier volume changes in
the major glaciated regions including South Asia.

Model description
The Joint UK Land Environment Simulator (JULES) (Best et al. 2011) is the land surface component of the Met Office
Global Climate model (GCM), which is used for operational weather forecasting and climate modelling studies. JULES
was originally developed to model vegetation dynamics, snow and soil hydrological processes within the GCM.
Recently, there has been an effort to develop JULES into an integrated impacts model (JULES-IIM) with addition of a
crop model to simulate crop yield for wheat, soybean, maize and rice (Osborne 2014), an irrigation demand scheme to
extract water from ground and river stores and two river routing schemes; Total Runoff Integrating Pathways (Oki
1999)(TRIP) and the RFM kinematic wave model (Bell et al. 2007). The motivation behind this, is to develop a ‘whole
system model’ that can be used to investigate the impacts of climate change on food and water security. It can also be
used as a useful tool to explore a range of adaptation options such as applying enhancing crop yield by applying
Nitrogen fertilizer to the soil, changing the location where certain crops are grown and adopting efficient irrigation
systems.
JULES characterises the land surface in terms of tiles representing natural vegetation, crops, urban, bare soil, lakes and
ice. Each grid box is comprised of a fraction of these tiles with the total tile fraction summing to 1. The exception to this,
is the ice tile which cannot co-exist with other surface types in a grid box. A grid box is either completely covered in ice
or not. Furthermore, all tiles have grid box mean elevations and there is no representation of the land surface at height.
To model the response of mountain glaciers to climate change, the fractional land surface at elevations levels in a grid
box in required, termed ‘sub-grid scale orography.’ This is implemented by adding two new surface types; an elevated
ice and an elevated rock tile to describe the areal extent of glaciated and un-glaciated surfaces (Figure 1). The bedrock
temperature of the new elevated tiles is calculated using a heat capacity parameter. For the elevated rock tiles, the
bedrock is impervious with no hydrological or vegetation processes occurring and water simply runs off the surface.
Snow process on the elevated tiles is modelling using the existing multi-level snowpack scheme in JULES which is based
on a fully energy balance model. The snowpack is split into layers each having a thickness, temperature, density, grain
size, an ice content and a liquid water content. Fresh density snow accumulates at the surface of the snowpack and
densifies towards to the bottom of the snowpack under the force of gravity. Mass is removed from the surface layer by
melting which is calculated from the surface air temperature and downward long wave radiation and by sublimation. If
all the mass in a layer is removed within a model time step then removal takes place in the layer below. The
temperature at each snowpack level is calculated by solving a set of tridiagonal equations for heat transfer with the
surface boundary temperature set to the air temperature and the bottom boundary temperature set to the soil

temperature. Water can percolate through the snowpack if the pore space is sufficiently large and any liquid water
below the melting temperature is allowed to refreeze.
Elevation dependant mass balance (SMBz,t) is calculated as the change in snow mass between successive time steps
𝑆𝑀𝐵𝑧,𝑡 = 𝑠𝑛𝑜𝑤𝑚𝑎𝑠𝑠𝑧,𝑡 − 𝑠𝑛𝑜𝑤𝑚𝑎𝑠𝑠𝑧,𝑡−1

The scheme assumes that the snowpack can grow or shrink depending on the mass balance but the glaciated tile
fraction does not change.

Adjustments to surface climate
Elevated tiles are assign heights in meters above sea level and the following adjustments are made to the surface
climate for glacier grid boxes
Temperature
Temperature is adjusted for elevation using a constant lapse rate
𝑇𝑧 = 𝑇0 − 𝛾𝑡𝑒𝑚𝑝 (𝑧 − 𝑧0 )

Where T0 is the surface temperature, γtemp is the temperature lapse rate (oCm-1), z is the elevation band and z0 is the grid
box mean elevation associated with the forcing data.
Longwave radiation
Downward longwave radiation is adjusted by assuming the atmosphere behaves as a black body using StefanBoltzmann’s law. The radiative air temperature at the surface Trad,0 is calculated using the downward longwave radiation
provided by the forcing data LW↓z0
𝑇𝑟𝑎𝑑,0

1

𝐿𝑊↓𝑧0 4
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)
𝜎

Where σ is the Stefan-Boltzmann constant (5.67 x 10-8 W m-2 K-4). The radiative temperature at height is then adjusted
𝑇𝑟𝑎𝑑,𝑧 = 𝑇𝑟𝑎𝑑,0 + 𝑇𝑧 − 𝑇0

Where T0 is the grid box mean temperature from the forcing data and Tz is the elevated air temperature. This is used to
calculate the downward longwave radiation LW↓z at height
4
𝐿𝑊↓𝑧 = 𝜎𝑇𝑟𝑎𝑑,𝑧

Precipitation
To account for orographic precipitation, large scale and convective rainfall and snowfall are adjusted for elevation using
an annual mean precipitation gradient (%/100m)
𝑃𝑧 = 𝑃0 + 𝑃0 𝛾𝑝𝑟𝑒𝑐𝑖𝑝 (𝑧 − 𝑧0 )

where P0 is the surface precipitation, γprecip is the precipitation gradient and Z0 is the grid box mean elevation. Rainfall is
also converted to snowfall when the elevated air temperature Tz is less the melting temperature (0oC). The adjusted
precipitation fields are input into the snowpack scheme and the hydrology subroutine.

Wind speed
Glacier melting is strongly affected by katabatic (downslope) winds which act as a heat pump for the glacier. To explicitly
model katabatic winds would require knowledge of the glacier slope so instead a simple scaling of the surface wind
speed is used to represent katabatic winds. Over glaciated grid boxes the wind speed is
𝑢𝑧 = 𝑢0 𝛾𝑤𝑖𝑛𝑑

where γwind is a wind speed scale factor and u0 is the surface wind speed. The simple scaling increases the wind speed
relative to the surface and is the same for all heights.

Glacier ice albedo scheme
The existing spectral albedo scheme in JULES simulates the darkening of fresh snow as it undergoes the process of aging
(Warren and Wiscombe 1980). The scheme calculates the reduction in albedo as the snow grain grows under
compaction. The growth rate of the grain is an empirically derived function of the snowpack temperature. The snow
aging scheme does not simulate the low albedo values typically observed on glacier ice, therefore a new scheme is
added. The new scheme is a density-dependent parameterization which was developed for the implementation in the
Surface Mass Balance and Related Sub-surface processes (SOMARS) model (Greuell and Konzelmann 1994). The scheme
linearly scales the albedo from the value of fresh snow, to the value of ice, based on the density of the snowpack
surface. The new scheme is used when the surface density of the top 10cm of the snowpack (ρsurface) is greater than the
firn density (550 kgm-3) and the original snow aging scheme is used when (ρsurface) is less than the firn density.
𝛼𝜆 = 𝛼𝜆,𝑖𝑐𝑒 + (𝜌𝑠𝑢𝑟𝑓𝑎𝑐𝑒 − 𝜌𝑖𝑐𝑒 ) (

𝛼𝜆,𝑠𝑛𝑜𝑤 − 𝛼𝜆,𝑖𝑐𝑒
)
𝜌𝑠𝑛𝑜𝑤 − 𝜌𝑖𝑐𝑒

αλ, snow is the maximum albedo of fresh snow, αλ, ice albedo of ice, ρsnow is the density of fresh snow (250 kgm-3) and ρice is
the density of ice (917 kgm-3). The albedo scaling is calculated for the visible wavelengths λ = 0.3–0.7µm (VIS) and nearinfrared wavelengths λ = 0.7–5.0µm (NIR).
The parameters, αvis, ice , αvis snow, αnir, ice , αnir, snow ,γtemp, γprecip and γwind are tuned to obtain the best agreement between
simulated and observed surface mass balance profiles for the present day (see section 3).

Initialisation
The model requires initial conditions for (1) snow mass and (2) the glaciated and non-glaciated tile fraction at elevation
bands within a grid box. The location of glacier grid points, the initial tile fraction and the present day snow mass is set
using data from the Randolph Glacier Inventory Version 6 (Consortium 2017). This dataset contains information on
glacier hypsometry and is intended to capture the state of the world’s glaciers as the beginning of the 21st century. A
new feature of the RGI6 is a 0.5-degree gridded glacier volume and area datasets, produced at 50m elevation bands
(Matthias Huss, personal communication, 2017). Volume has been constructed for individual glaciers using an inversion
technique to estimate ice thickness (Farinotti et al. 2009, Huss and Farinotti 2012). The technique is based on the
principles of ice flow mechanics and uses glacier outlines and a digital elevation model as input. Area and volume have
been aggregated onto 0.5 -degree grid boxes. The 50m data is binned into elevations bands varying from 0m to 9000m
in steps of 250m to match the elevation bands prescribed in JULES.
Initial tile fraction
The initial tile fraction is
𝑓𝑟𝑎𝑐𝑖𝑐𝑒(𝑛) =

𝑅𝐺𝐼_𝑎𝑟𝑒𝑎(𝑛)
𝑔𝑟𝑖𝑑𝑏𝑜𝑥_𝑎𝑟𝑒𝑎(𝑛)

where RGI_area is the area (km2) from the RGI at elevation band n and gridbox_area (km2) is the grid box mean area.
The un-glaciated tile fraction is set to the rock tile (fracrock) to ensure that the total tile fractions sum to one in a grid bo
𝑓𝑟𝑎𝑐𝑟𝑜𝑐𝑘 = 1 −

𝑛=𝑛𝐵𝑎𝑛𝑑𝑠

∑

𝑛=1

𝑓𝑟𝑎𝑐𝑖𝑐𝑒

nBands is the number of elevation bands. The elevation of the rock tile is set to the grid box mean elevation.
Initial snowpack properties
The snowpack is divided 10 levels. The top 9 levels consist of 5m of firn snow with depths [0.05m, 0.1m, 0.15m, 0.2m,
0.25m, 0.5m, 0.75m, 1m] and the bottom level has a variable depth. For each snowpack level the following properties
must be set; density (kgm-2), ice content (kgm-2), liquid water content (kgm-2), grain size (µm) and temperature (oK). We
assume there is no liquid content in the snowpack by setting this to zero.
The density at each level is linearly scaled with depth, between the value for fresh snow at the surface (250kgm -3), to
the value for ice at the bottom level (918kgm-3). The ice content of the firn layers is calculated by multiplying the density
by the depth.
For the future simulations, the ice content in the bottom level is set using the RGI6 volume assuming a constant ice
density of 918kgm-3. The depth of the bottom level is the ice content divided by the density.
For the calibration period, the ice mass the start of the run (1979) is unknown. In the absence of any information on
this, a constant depth of 500m is used which is selected to ensure that the snowpack never completely depletes over
the calibration period. The ice content of the bottom level is the depth (500m) multiplied by the density of ice.
The snow grain size is linearly scaled with depth and varies between 50μm at the surface for fresh snow to 2000μm at
the base for ice. The snowpack temperature profile is calculated by running the model for one year. The temperature
at the top of the snowpack is set to the value for January temperature and the bottom is set to the annual mean
temperature. This gives a profile of warming towards the bottom of the snowpack caused by the geothermal heat flux
from the soil.

Mass balance calibration
The following seven parameters are tuned to obtain the best agreement between modelled and observed glacier mass
balance profiles; visible snow albedo (αvis, snow), visible ice albedo (αvis, ice), near-infrared snow albedo (αnir, snow), nearinfrared ice albedo (αnir, ice), orographic precipitation gradient (γprecip), temperature lapse rate (γtemp) and wind speed
scaling factor (γwind).
Random combinations of parameter are selected between tuneable ranges which have been derived from literature
using Latin Hyper Cube Sampling. This technique randomly selects parameter values; however, reflectance in the VIS
wavelength is always higher than in the NIR. To ensure the random sampling does not select NIR albedo values that are
higher or unrealistically close to the VIS albedo values, we calculate the ratio of VIS to NIR albedo from values in
literature. Using albedo ranges compiled by Roesch et al., (2002) we find the ration (VIS/NIR = 1.2). Any albedo values
that exceed this ratio are excluded from the analysis which reduces the sample size from 1000 to 198 parameter sets.
In the visible wavelength, the snow albedo is tuned between 0.99 – 0.7 where the upper limit comes from observations
of very clean snow with little impurities in the Antarctic (Hudson et al. 2006, Grenfell, Warren and Mullen 1994) and the
lower bound is chosen to represent older or melting snow. Parameter ranges for snow and ice albedo in the NIR range
come from a literature review by Roesch et al., (2002).

The default dry adiabatic lapse rate γtemp in JULES is 9.8oC km-1. This is tuned between 4.0 – 10oC km-1 where the upper
limit is determined from physically realistic bounds and lower limit is from observations based at glaciers in Alps (Singh
2001). The lapse rate in JULES is constant throughout the year and assumes that temperature always decreases with
height.
The wind speed scaling factor γwind is tuned within the range 1-4 to account for an increase in wind speed with height
and for the presence of katabatic winds. The upper bound is estimated using wind observations made along the profile
of the Pasterze glacier in the Alps during a field campaign (Greuell and Smeets 2001). The maximum observed wind
speed was 4.6 ms-1 (at 2420km) while the WFDEI surface wind for the same time period was 1.1ms-1 indicating a scaling
factor of approximately 4.
The orographic precipitation gradient γprecip is tuned between 5-25%/100m. This parameter is poorly constrained by
observations therefore a large tuneable range is sampled. Tawde et al., (2016) estimated the precipitation gradient of
19%/100m for 12 glaciers in the Western Himalayas using a combination of remote sensing and in situ meteorological
observations of precipitation. Observations show that the precipitation gradient can be as high as 25%/100m for glaciers
in Svalbard (Bruland and Hagen 2002) while glacier-hydrological modelling studies have used 4.3%/100m (Sorg et al.
2014).
Tuning is carried out over the period 1989-2014 by forcing the model with daily surface pressure, air temperature, longwave and short wave downward surface radiation, specific humidity, rainfall, snowfall and wind speed from the WATCHERA Interim (WFDEI) dataset (Weedon et al. 2014). Modelled mass balance profiles are compared to observations from
149 field sites contained in the World Glacier Monitoring Service (WGMS) (Zemp et al. 2012). The data comes from
stake observations taken every year at different heights along the glaciers. Many of the mass balance observations in
the WGMS are supplied without observational dates. In this case, we assume the mass balance year starts on the 1 st
October to ends on the 30th September with the summer commencing on the 1st May. Dates in the Southern
hemisphere are shifted by six months. The observations are grouped according to standardised regions defined by the
RGI6 (Figure 2). The best parameter set is identified by finding the minimum root mean square error between the model
and the observations.
Figure 3 shows the modelled mass balance profiles plotted against the observations using the best parameter set for
each region. Table 2 lists the best parameter sets for each region. The model can capture the accumulation and ablation
rates reasonably well for many regions with the notable exception of the low latitude and Central European regions
where melting is over estimated. The low latitude region contains relatively small tropical glaciers in Colombia, Peru,
Ecuador, Bolivia and Kenya. In Central Europe the poor correlation with observations is caused by the Maladeta glacier
in the Pyrenees (Figure 4) which also a small glacier of 0.52 km2 (Zemp et al. 2012). The model is better at reproducing
mass balances for regions where the glaciated area is large. This is seen by the improved correlation when grid boxes
with a large glaciated area is considered (Figure 5).
A possible explanation for the discrepancy comes from comparing coarse mass balance estimates to in situ observations
which are affected by local processes not included in the JULES. For example, enhanced accumulation from avalanching
and blowing snow is not modelled. The effect of glacier aspect is not included, such that south facing slopes in the
northern hemisphere receive more solar radiation which increases melting. There is also uncertainty caused by the fact
the JULES elevation bands are at 250m intervals while the observations are taken at smaller intervals along the glacier
profile.

Glacier volume projections
JULES is run with an ensemble of high resolution atmosphere only HadGEM3 simulations which was produced for the
High-End cLimate Impacts and eXtremes project (HELIX). HadGEM3 is forced with sea surface temperature and sea-ice
concentration boundary conditions using six models from the Coupled Model Intercomparison Project Phase 5 (CMIP5).
The CMIP5 models use the RCP8.5 ‘business as usual scenario’ and were selected to cover a wide range of climate
sensitives with some models reaching 2oC global average warming relative to the pre-industrial period, quickly (IPSLCM5A-LR) or slowly (GFDL-ESM2M) (Table 5). The models also cover a range of extreme wet or dry climate conditions,
which is important to consider for the mass balance of Himalayan glaciers due of the uncertainty in the response of the
South Asian monsoon to climate change. The HadGEM3 data was re-gridded onto a 0.5-degree grid and bias corrected
using WATCH forcing data (Hempel et al. 2013). JULES is run using the bias corrected data and the best regional
parameter sets for mass balance calculation found by the model calibration. No observations were available to
determine the best parameters for Iceland and the Russian Artic, therefore we use the global mean values for these
regions.
A substantial reduction in glacier volume is projected (Figure 6) caused by an overall warming and reduction in snowfall
over glaciated regions in the climate data (Figure 7). Glacier volume losses relative to the present day are plotted in
Figure 8. Globally the glacier volume reduction, relative to present day, is 40 ± 12% (1.5oC global average warming), 55 ±
6% (2oC global average warming) and 75 ± 3% (4oC global average warming) where the lower uncertainty at 2oC and 4oC
global averaged warming is because the glaciers have disappeared. Regionally the model predicts mass loss in all major
glacier regions. In the South Asia West region, the model simulates glacier mass reductions of 38 ± 16% for 1.5 oC global
average warming, 62 ± 9% for 2oC global average warming and 94 ± 1% for 4oC global average warming, relative to
present day. In South Asia East, which has smaller volumes of glaciers, the projected losses are 68 ± 20%, 86 ± 2% and 93
± 1% for 1.5oC, 2oC and 4oC. An exception is the Karakorum region where glacier mass is simulated to increase, and
almost doubles at 4oC global average warming (Figure 9). Increasing glacier mass in the Karakorum region is seen in
recent glacier monitoring records, in contrast with other regions where glaciers are observed to be in decline. This
‘Karakoram anomaly’ has been attributed to a summer vortex of cold air. Further work is required to assess whether
this atmospheric phenomenon is reproduced in the climate models.

We emphasise the large uncertainty in these projections, since some glacier characters and processes are not included
in the model, such as debris cover and rock glaciers which may substantially limit the rates of melting below those
simulated in the current model.

Figure 1 Schematic of JULES surface types inside a single grid box. The new elevated glacier and rock tiles are shown on
the left-hand side.

Table 3 Tuneable parameters for mass balance calculation and their ranges from the literature.
Parameter

Range of values Symbol Units

Fresh snow albedo (VIS)

0.99 - 0.7

αvis, snow

-

Fresh snow albedo (NIR)

0.85 - 0.5

αnir snow

-

Ice albedo (VIS)

0.7 – 0.1

αvis, ice

-

Ice albedo (NIR)

0.6 – 0.1

αnir, ice

-

Temperature lapse rate

4 – 9.8

γtemp

o

Orographic precipitation gradient 5 – 25

γprecip

%/100m

Wind speed scale factor

γwind

-

1-4

K km-1

Figure 2: The location of mass balance profile observations glaciers from the World Glacier Monitoring Service and the
Randolph Glacier Inventory regions (version 6.0).

Table 4 Best parameter sets for each RGI6 region and RMSE between the modelled mass balance and the observations.
The regions are ranked from the lowest to highest RMSE. There are no observed profiles for Iceland and Russian Artic so
the global mean parameters values are used (bold) for the future simulations.
αvis, snow

αnir, snow

αvis, ice

αnir, ice

γtemp

γprecip

γwind

RMSE

Arctic Canada South

0.94

0.77

0.68

0.53

8.3

16

2.15

0.93

Arctic Canada North

0.93

0.71

0.65

0.23

7.8

8

1.08

1.08

Greenland

0.93

0.71

0.65

0.23

7.8

8

1.08

1.09

Alaska

0.95

0.72

0.41

0.19

8

15

1.07

1.36

South Asia East

0.91

0.73

0.67

0.56

5.3

9

1.55

1.38

South Asia West

0.99

0.73

0.60

0.30

4

24

1.69

1.53

Western Canada and US

0.97

0.64

0.45

0.26

9.3

8

2.29

1.73

Central Asia

0.94

0.74

0.69

0.50

8.1

19

1.40

1.81

Central Europe

0.83

0.63

0.59

0.35

5.8

7

1.83

1.99

North Asia

0.94

0.74

0.69

0.50

8.1

19

1.40

2.07

Svalbard

0.95

0.76

0.54

0.35

9

14

1.02

2.17

Caucasus and Middle East

0.90

0.71

0.53

0.28

8.3

5

3.32

2.23

Scandinavia

0.95

0.76

0.54

0.35

9

14

1.02

2.28

New Zealand

0.88

0.72

0.64

0.52

8.2

23

1.19

3.32

Southern Andes

0.95

0.76

0.54

0.35

9

14

1.02

3.33

Low Latitudes

0.94

0.74

0.69

0.50

8.1

19

1.40

5.13

Mean

0.93

0.72

0.60

0.37

7.76

14

1.53

Figure 3: Modelled annual mass balance profiles against observations from the WGMS. The modelled mass balance is
simulated on a 0.5-degree grid resolution at 250m elevation bands and the observations are for individual glaciers at
elevation levels specific to each glacier. The observed mass balance is interpolated onto the JULES elevation bands. If
only a single observation exists then mass balance for the nearest JULES elevation band is used. The number of glaciers
is shown in the top left-hand corner and the number of observations points in brackets.

Figure 4: Modelled and observed mass balance profiles for the Alps (dots) and Maladeta glacier in the Pyrenees
(asterixis).

Figure 5: Simulated and observed mass balance profiles when the JULES 0.5-degree grid box glacier area is greater than
100km2, 300km2 and 500km2.
Table 5 List of HadGEM3 high resolution climate change projections and the CMIP5 models used to provide boundary
conditions to the GCM. The years when the CMIP5 models passes specific warming levels of 1.5oC, 2oC and 4oC are
listed.
CMIP5 model

Ensemble member

SWL 1.5oC

SWL 2oC

SWL 4 oC

IPSL-CM5A-LR

r1i1p1

2015

2030

2068

GFDL-ESM2M

r1i1p1

2040

2055

2113*

HadGEM2-ES

r1i1p1

2027

2039

2074

IPSL-CM5A-MR

r1i1p1

2020

2034

2069

MIROC-ESM-CHEM

r1i1p1

2023

2035

2071

HELIX ACCESS1-0

r1i1p1

2034

2046

2085

Figure 6 Regional glacier volume projections using the HELIX HadGEM3 ensemble of simulations.

Figure 7 HadGEM3 ensemble of high-end climate projections for temperature and snowfall relative to the present day
(2011-2015) for glaciated grid points. The ensemble mean is shown in the solid line and the range of model projections
are shown in the shaded regions.

Table 6 Present day regional glacier area and volume from the Randolph Glacier Inventory Version 6 and the percentage
ice volume loss (multimodal mean and standard deviation) simulated for specific global warming levels of 1.5 oC, 2oC and
4oC.
Area (km2) Volume (km3) 1.5oC

2oC

4oC

Alaska

86,616

19,743

-28 ± 11 -46

± 10 -78

± 4

Western Canada and US

14,357

1,070

-68 ± 24 -93

± 5

-99

± 0

Arctic Canada North

104,920

32,376

-10 ± 2

-13

± 2

-26

± 2

Arctic Canada South

40,861

9,780

-13 ± 3

-21

± 4

-55

± 3

Greenland

126,143

29,856

-9

-11

± 1

-22

± 2

Iceland

11,052

3,722

-29 ± 10 -47

± 8

-87

± 4

Svalbard

33,932

10,112

-11 ± 2

± 2

-48

± 5

Scandinavia

2,948

244

-33 ± 16 -58

± 11 -94

± 4

Russian Arctic

51,552

16,908

-14 ± 3

-22

± 4

-56

± 7

North Asia

2,400

156

-19 ± 11 -38

± 9

-68

± 4

Central Europe

2,091

127

-68 ± 23 -92

± 6

-99

± 0

Caucasus and Middle East 1,305

71

-91 ± 14 -99

± 0

-100 ± 0

Central Asia

48,415

3,849

-23 ± 9

-37

± 6

-67

± 4

South Asia West

29,561

3,180

-38 ± 16 -62

± 9

-94

± 1

South Asia East

11,148

773

-67 ± 19 -86

± 3

-93

± 1

Low Latitudes

2,341

88

-96 ± 9

Southern Andes

29,369

5,701

-48 ± 19 -71

± 14 -96

± 3

New Zealand

1,161

65

-63 ± 17 -68

± 12 -72

± 11

-40 ± 12 -55

± 6

± 3

Mean

± 1

-16

-100 ± 0

-100 ± 0

-75

Figure 8 Change in regional ice volume relative to the present day for specific warming levels. The large dots represent
the multi-model mean and the small dots are the individual HadGEM3 model runs.

Figure 9 Change in snow mass for specific warming levels relative to the present day (2011-2016). The Hindu-KushHimalaya region is shown on the right-hand side.
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