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Abstract
The objectives of this study were to: (1) evaluate possible deviations in annual and seasonal maximum (Tmx) and minimum 
(Tmn) temperatures, and, (2) determine the spatial pattern of these temperature changes. The study used statistical downscaling 
of the Coupled Model Intercomparison Project Phase 5 (CMIP5) global climate models (GCMs) under four representative 
concentration pathway (RCP) scenarios. Perfect prognosis statistical downscaling models, based on support vector machine 
(SVM), were developed for this purpose. Biases in the GCM simulations were corrected using quantile mapping (QM) and 
the data were then used to determine future temperature scenarios at different locations within Bangladesh. For most of the 
GCMs, the mean bias was close to zero and the Nash–Sutcliffe efficiency was above 0.58 for the downscaled temperature. 
Non-parametric hypothesis tests showed equality in median, distribution and variance values of the observed and downscaled 
temperature for all GCMs. Temperature projections from the models revealed an increase in Tmx by 1.3–2.3 °C, 1.3–2.9 °C, 
1.5–3.1 °C, and 2.2–4.3 °C, and Tmn by 1.8–3.0 °C, 2.1–4.2 °C, 2.4–4.5 °C, and 3.2–5.1 °C under the four RCPs during the 
2070–2099 period when compared with the 1971–2000 period. The greatest increase in Tmx and Tmn was found in the more 
northern regions and the lowest increase was found in the southeast coastal region. Tmn tended to increase in winter, while 
Tmx increased predominantly during summer. Uncertainty in the temperature projections was found to be greater during the 
latter part of the century. The rapid rise in temperature predicted for the northern part of Bangladesh (which is historically 
prone to temperature extremes) may cause an increase in the frequency of temperature-related extremes in this region.
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1 Introduction

The temperature of the earth is increasing at the rate of 
0.15 °C/decade due to a rise in the concentration of atmos-
pheric greenhouse gases (IPCC 2013; Pour et al. 2019). 
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This has the potential to severely impact both the global 
environment and human society. Increases in temperature, 
and the associated consequences, will have the greatest 
impact in tropical regions (Liu et al. 2009; Mora et al. 2013; 
Wang et al. 2014; Mishra and Liu 2014; Shahid et al. 2017; 
Mohsenipour et al. 2018; Khan et al. 2019). Liu et al. (2009) 
and Mishra and Liu (2014) indicated that tropical regions 
would be most affected by the changing characteristics of 
rainfall caused by the projected climate warming. Mora et al. 
(2013) suggested that the tropics would be the first area in 
which climate change effects would be noted. The IPCC 
(2014) also reported that the ecosystems and agricultural 
sectors of tropical region would be most affected by any 
increases in global temperature.

In many tropical countries, the predicted rise in tem-
perature due to global warming has become a significant 
political and economic issue. This temperature increase 
has been observed in Bangladesh (a country greatly influ-
enced by tropical monsoonal weather patterns), where the 
average temperature has increased by 0.49 °C from 1958 to 
2007 (Shahid 2010; Ahammmed et al. 2019). A significant 
increase in maximum (Tmx) and minimum (Tmn) tempera-
tures has also been observed in most areas of Bangladesh. 
An increase in temperature-related extremes, such as the 
number of days with temperature > 32 °C, and nights with 
temperature > 25 °C, have been reported (Shahid et al. 2016). 
These increasing temperatures have severe implications for 
many sectors of Bangladesh, impacting such things as crop 
yield and food security (Bandara and Cai 2014; Mainud-
din and Kirby 2009; Alamgir et al. 2019), water resources 
(Shahid 2011; Ahammed et al. 2018), public health (Shahid 
2010), energy generation (Shahid 2012) and urban liveli-
hood (Shahid et al. 2016; Shourav et al. 2016).

General circulation models (GCMs) are numerical 
tools frequently employed to assist in understanding past, 
and potentially future, climate. The ability of GCMs to 
utilize coarse-resolution data has limited its applications 
over large area (Pour et al. 2013; Sachindra et al. 2019). 
To model climate over a small area or at a station level, 
downscaling techniques are required. This uses essentially 
low-resolution data to produce high-resolution information 
(HadiPour et al. 2016). Climate downscaling techniques 
are normally classified into two major classes—statistical 
downscaling (SD), and dynamical downscaling (DD). SD 
methods are widely used for developing statistical con-
nections between predictors and predictands (Ahmed et al. 
2015; Pour et al. 2014; Sa’adi et al. 2017). These are pre-
ferred as they are computationally less intensive than DD 
techniques, and relatively simple to use (Pour et al. 2016; 
Alamgir et al. 2016; Ahmed et al. 2019; Salem et al. 2018; 
Sachindra et al. 2018b).

Statistical downscaling can be broadly categorized into 
two groups—perfect prognosis (PP), and model output 

statistics (MOS) (Pour et al. 2018). PP models are the most 
widely used (Ahmed et al. 2019). In these, a statistical model 
is derived from coarse-resolution ocean–atmospheric vari-
ables (such as reanalysis data of wind vector) to simulate the 
observed variable to be downscaled (such as temperature). 
The model is then used for the projection of the observed 
variable from the GCM-simulated coarse-resolution 
ocean–atmospheric variables. A bias correction method is 
generally used in the GCM modelling to correct any biases 
in the simulations before use in the downscaling model. A 
major challenge in the development of a downscaling model 
is the fact that the relationship of observed climate vari-
able to the reanalysis variables is often highly non-linear. 
Machine-learning methods able to capture extremely non-
linear relationship can be used to develop downscaling mod-
els able to reliably determine climatic projections (Sachindra 
et al. 2018a).

A limited number of studies using GCMs or Regional 
Climate Models (RCMs) have been conducted over Bangla-
desh to model and report on any future temperature increase 
scenarios. OECD (2003) reported an increase in temperature 
by 1.3 °C in 2030 using a small number of GCMs. Manabe 
et al. (1991) reported an increase in winter temperature using 
a coupled ocean–atmosphere model. Rahman et al. (2012) 
observed that an overall rise in temperature appeared to be 
the major driver for changes in other climate variables. It 
appears, however, that the spatial resolution of GCM or 
RCM models used in the previous studies were generally 
too coarse for many impact studies, including those conduct-
ing hydrological modelling at watershed scale and impact 
assessments at the municipality level. It also appears that 
the regional model outputs were often heavily biased (Sa’adi 
et al. 2017; Pour et al. 2018).

The main purpose of this study is to evaluate possible 
spatiotemporal changes in annual and seasonal tempera-
tures of Bangladesh through statistical downscaling of 
CMIP5 GCMs under four RCPs—RCP2.6, RCP4.5, RCP 
6.0, and RCP8.5. Eight GCMs of CMIP5 which incorpo-
rate temperature simulations for Bangladesh for all RCPs 
were utilized for this purpose. The downscaling model was 
developed using a sophisticated machine-learning method 
known as support vector machine (SVM). The model 
hyper-parameters were selected based on a k-fold cross-
validation approach to achieve the highest accuracy in the 
simulation. The proposed methodology for reliable down-
scaling of GCMs and projection of climate can also be 
replicated in other regions. The findings of the study will 
assist in climate change impact evaluation and adaptation 
studies in Bangladesh.
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2  Methods and Materials

2.1  Description of the Study Area

The topography of Bangladesh is very flat. The climate of 
the country is characterized by rainfall and temperature sea-
sonality and high humidity levels (Rashid 1991; Nashwan 
et al. 2019; Chowdhury et al. 2019). The climate of the 
country can be classified into four main seasons:dry winter 
(Dec–Feb), pre-monsoon summer (Mar–May), rainy mon-
soon (Jun–Sep), and post-monsoon autumn (Oct–Nov). The 
average winter temperature varies between 17.0 and 20.6 °C, 

and the summer temperature varies between 26.9 and 
31.1 °C. January is the coolest month with an average tem-
perature variation of 17 °C in the northwest and northeast 
to 20.6 °C in the southern coastal region. April is the hottest 
month with average temperatures varying between 26.9 °C 
in the northeast, and 31.1 °C in the northwest (Rashid 1991). 
The northwest part of Bangladesh experiences the great-
est temperature extremes. In some of the winter months, 
night temperatures can drop below 5 °C, and in summer, 
the temperature can climb above 42 °C. The spatial distribu-
tion of daily mean temperature of Bangladesh (derived using 
recorded daily temperature at 18 locations for the period 
1971–2000) is shown in Fig. 1.

2.2  Data

The monthly average of daily Tmx and Tmn, for 1961–2005 
(Fig. 1) was obtained from the Bangladesh Meteorology 
Department (BMD). Approximately, 2.9–20.4% of the Tmx 
and 2.9–19.9% of the Tmn data were found to be missing. 
Replacement values for the missing data was obtained by 
interpolation (using an inverse distance method) based on 
the data records of nearby stations. The National Centre for 
Environmental Prediction (NCEP) reanalysis temperature 
data were used as a substitution for other GCM variables. 
The NCEP reanalysis used monthly average Tmx and Tmn 
(10 grid points at 2° resolution covering the country) for 
the period 1961–2005 (Fig. 1). These were extracted from 
the data portal of the National Oceanic and Atmospheric 
Administration (NOAA). Historical monthly simulations of 
Tmx and Tmn (from 1961 to 2005), and future projections (for 
2006–2099) were collected from the CMIP5 portal (http://
cmip-pcmdi .llnl.gov/cmip5 /). The site offers several GCMs 
from various modelling institutes which can be used for 
studying past and possible future climate scenarios (Taylor 
et al. 2012). The GCMs were chosen based on the avail-
ability of simulations of both Tmx and Tmn temperatures for 
all RCP scenarios. The model realization member r1i1p1 

Fig. 1  Location of weather stations in Bangladesh and the GCM grid 
points

Table 1  List of CMIP5 GCMs used in this study

No. Modelling centre Model Resolution (lon × lat)

1 Beijing Climate Center China BCC-CSM1-1 2.8 × 2.8
2 Canadian Centre for Climate Modelling and Analysis, Canada CanESM2 2.8 × 2.8
3 Atmosphere and Ocean Research Institute, University of Tokyo, Japan MIROC5 1.4 × 1.4
4 Atmosphere and Ocean Research Institute, University of Tokyo, Japan MIROC-ESM 2.8 × 2.8
5 Atmosphere and Ocean Research Institute, University of Tokyo, Japan MIROC-ESM-CHEM 2.8 × 2.8
6 Bjerknes Centre for Climate Research, Norwegian Meteorological Institute, 

Norway
NorESM1-M 2.5 × 1.9

7 Max Planck Institute for Meteorology, Germany MPI-ESM-LR 1.87 × 1.86
8 Max Planck Institute for Meteorology Germany MPI-ESM-MR 1.87 × 1.86

http://cmip-pcmdi.llnl.gov/cmip5/
http://cmip-pcmdi.llnl.gov/cmip5/
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simulation for the historical data period was also consid-
ered in this study. A description of the GCMs is provided 
in Table 1.

2.3  Methods

The procedure utilized for statistical downscaling, and the 
projection of monthly average Tmx and Tmn, is shown in 
Fig. 2. A summary of the process is outlined below:

1. NCEP reanalysis temperatures at four points around a 
gauge location were selected as the predictors;

2. An SVM was used to develop the downscaling mod-
els. NCEP temperatures for the period 1961–2005 were 
used as the input data, with the output being historical 
temperature values. Downscaling models were devel-
oped separately for each calendar month. The resulting 
downscaled temperatures for all calendar months were 
then merged to generate the temperature time series;

3. Selected CMIP5 GCM data (historical simulations and 
future projections) were interpolated onto NCEP grid 
points at a resolution of 2.5° × 2.5°;

4. Quantile mapping (QM) was applied to correct any 
biases in the historical simulation of GCM temperatures 
(1961–2005) generated using the NCEP data;

5. The bias correction parameters were also applied on the 
GCM simulation for the period 2006–2099.

6. The corrected historical simulation of GCMs at NCEP 
grid points were then used in the downscaling model to 
downscale the historical temperature. The downscaled 
temperature was compared with the observed tempera-
ture to evaluate the performance of the downscaling 
models;

7. Bias-corrected future projections of GCM temperature 
at the NCEP grid points were used in the downscaling 
models to provide future projections of temperature for 
the different RCPs.

8. The projected temperature during the next 30-year peri-
ods (2010–2039, 2040–2069, and 2070–2099) was com-

Fig. 2  Flowchart showing procedures used for the development of downscaling model and projection of temperature
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pared with the base period (1971–2000) temperature to 
determine any differences.

Technical details of the methods used for downscaling 
model development and the GCM bias correction are sum-
marized below.

2.4  Support Vector Machines (SVM)

The SVM (Vapnik et al. 1997) is comprised of both a non-
linear and a linear, weighting layer. In SVM regression, the 
functional dependency of the dependent variable, y on a set 
of independent variables xi is estimated as follows:

where w and b are weight vector and bias, respectively; � 
denotes a non-linear transfer function that maps the input 
vectors (xi) into a high-dimensional feature space. The SVM 
solves the non-linear regression function using an optimiza-
tion problem. The least squares method was employed in this 
study to determine the values of SVM parameter, weight 
vector and bias.

The package e1071 (available in the statistical package 
R) was used in the development of the SVM model. This 
has the capacity to model extremely non-linear relationships 
(Acton 2012), and is extensively used in climate studies 
(Dibike et al. 2001; Asefa et al. 2004; Khadam and Kaluar-
achchi 2004).

2.5  Quantile Mapping (QM)

The QM method (Panofsky and Brier 1968) was used to cor-
rect the distribution of GCM temperature against the NCEP 
temperature, based on the following equation:

(1)y = f
(

xi
)

= w�
(

xi
)

+ b,

where F−1 is the quantile function of NCEP reanalysis tem-
perature, and Fm is the cumulative distribution function of 
the GCM-simulated temperature for the historical period.

2.6  Assessment of Model Performance

The capability of the downscaling models in predicting 
Tmx and Tmn was evaluated by comparing the observed and 
downscaled temperature using mean bias error (MBE), root 
mean square error (RMSE) and the Nash–Sutcliffe model 
efficiency (NSE). The NSE is a normalized statistic that esti-
mates the relative variance of residual and measured data 
(Nash and Sutcliffe 1970). It indicates how well the observed 
and simulated data matches. NSE can have values ranging 
from − ∞ to 1, with 1 indicating a perfect match. The non-
parametric Wilcoxon signed rank test (Wilcoxon 1945) was 
conducted on the results to assess the equality in the median; 
the Kolmogorov–Smirnov (KS) test was used to measure 
the similarity in the distributions, and Barlett’s test (Bart-
lett 1937) was used to reveal the equality in the variances 
between the observed and downscaled data. A significance 
level (p value) of 0.05 was applied to test the null hypothesis 
of similarity, with the hypothesis of equality in the median, 
distribution and variance in the Wilcoxon, KS and Barlett’s 
tests being rejected if the test yielded a value less than 0.05. 
The spatial patterns of temperature were mapped by apply-
ing a kriging interpolation technique to the data using a geo-
graphic information system (GIS).

(2)x = F−1Fm(x),

Fig. 3  Taylor diagram of downscaled a maximum; and b minimum temperature at Rajshahi station
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3  Results

3.1  Evaluating the Performance of the Downscaling 
Model

The SVM models were trained and tested with the 
observed data for the period 1961–2005. The dataset was 
divided into training (70%), and validation (30%), sets. 
To improve model performance, the SVM hyper-param-
eters (γ, C, ε) were tuned using the k-fold cross-valida-
tion method. The best results were obtained using the 
radial bias function (RBF) kernel, and the values 91–102 
and 0.09–0.15 for C and ε, respectively. Models were 

developed to downscale monthly Tmx and Tmn. The models 
were first used for downscaling the historical simulation of 
GCMs. The performance of the downscaling models was 
validated using Taylor diagrams, probability distribution 
function (PDF) plots, statistical indices and hypothesis 
testing. The results of the Rajshahi station (see Fig. 1) are 
presented in the following sub-sections. This shows that 
the annual and seasonal temperature variability at Rajshahi 
station is significantly greater than at other locations. A 
satisfactory performance of the downscaling models at this 
station indicates a better performance of the models at 
other stations where temperature variability is less.

Fig. 4  a Probability distribution function plots of observed and downscaled annual mean of maximum temperature at Rajshahi station. b Prob-
ability distribution function plots of observed and downscaled annual mean of minimum temperature at Rajshahi station
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3.2  Taylor Diagram

An example of a Taylor diagram, using observed and 
downscaled Tmx and Tmn at Rajshahi station, is shown in 
Fig. 3. This indicates that the final downscaled Tmx and 
Tmn values were very close to the actual, observed Tmx 
and Tmn values. The points, representing the downscaled 
temperature by the different GCMs, are very close to each 
other and also close to the observed temperature for both 
Tmx and Tmn. Correlation coefficients between observed 
and downscaled temperature for all GCMs were above 0.96 
for both Tmx and Tmn. The BCC-CSM1-1 (green round) 
was the closest, and CanESM2 (blue round) deviated the 
most from the observed Tmx. The MPI-ESM-MR (yellow 
round) was the closest, and BCC-CSM1-1 (green round) 

the furthest, for Tmn. The figure also reveals variations in 
the performance of the downscaling model in downscal-
ing simulated maximum and minimum temperatures of 
the different GCMs. BCC-CSM1-1 was found to perform 
best in downscaling maximum temperature, but worst in 
downscaling minimum temperature. The points in the Tay-
lor diagram, however, were found very close to each other, 
meaning a very small variation in the performance of the 
downscaling model in downscaling the temperature of the 
different GCMs.

Fig. 4  (continued)



388 M. Alamgir et al.

1 3

3.3  Probability Density Function (PDF) Plots

The PDF plots show that the downscaled Tmx and Tmn gen-
erated during the model validation stage aligned well with 
the observed PDF plots, apart from a slight shift in peak 
and magnitude. The monthly time series data was converted 
to annual series for comparison purposes. Observed and 
downscaled Tmx and Tmn at Rajshahi station are presented in 
Fig. 4a, b, respectively. The PDF plots show that downscaled 
Tmx and Tmn during model validation matched very well with 
observed PDF with the mean, variance and extremes of both 
Tmx and Tmn in close agreement.

The graphs in Fig. 4a, b show that downscaled Tmx and 
Tmn temperatures of CMIP5 GCMs follow a similar pattern 
to that of the observed temperature. In most cases, the down-
scaled peaks align well with the observed peak. Similarly, the 
tails of the PDFs of GCM downscaled temperature were also 
found to match well with observed PDF. Variations between 
the PDFs of observed and downscaled GCM temperature 
were also noted. An example of this is seen in the MIROC5 
temperature where the PDF peak of the simulated tempera-
ture was significantly less than the PDF peak of the observed 
temperature. It is unrealistic to expect that the biases of all 

the GCMs can be perfectly corrected using the QM method; 
however, the mean and variability of the downscaled tem-
perature were found to be very similar to the observed tem-
perature in all cases. The plot results indicate that GCMs 
have the ability to closely replicate the distribution of annual 
mean Tmx and Tmn temperatures in Bangladesh.

3.4  Statistical Assessment

The performance of downscaling models was also assessed 
using statistical indices. The values of MBE, RMSE and 
NSE in the downscaled Tmx and Tmn, are provided in Table 2. 
This shows a negligible bias in downscaled temperature. The 
RMSE values for both Tmx and Tmn were very low, while 
the NSE values were high (0.84 and 0.81 for Tmx and Tmn, 

Table 2  Statistical assessment 
of downscaling model 
performance at Rajshahi station

Model Maximum temperature Minimum temperature

MBE (°C) RMSE (°C) NSE MBE (°C) RMSE (°C) NSE

NCEP 0.001 0.28 0.84 0.001 0.31 0.81
BCC-CSM1-1 0.003 0.81 0.64 0.001 1.54 0.31
CanESM2 0.001 0.89 0.60 0.001 0.64 0.68
MIROC5 0.001 0.72 0.58 − 0.002 0.84 0.63
MIROC-ESM 0.001 0.54 0.71 0.001 0.60 0.65
MIROC-ESM-CHEM − 0.002 0.63 0.69 − 0.001 0.81 0.63
NorESM1-M 0.002 0.68 0.67 − 0.001 0.96 0.65
MPI-ESM-LR 0.003 0.79 0.64 0.002 0.66 0.59
MPI-ESM-MR − 0.001 0.55 0.70 − 0.001 0.52 0.66

Table 3  The p values obtained 
using different tests during 
comparison of observed and 
downscaled temperature at 
Rajshahi station

Null hypothesis is rejected when p < 0.05

Model Maximum temperature Minimum temperature

Wilcox KS Bartletts Wilcox KS Bartlett’s

NCEP 0.96 0.99 0.97 0.87 0.99 0.95
BCC-CSM1-1 0.83 0.99 0.29 0.46 0.99 0.07
CanESM2 0.82 0.99 0.32 0.43 0.99 0.87
MIROC5 0.20 0.99 0.49 0.47 0.99 0.36
MIROC-ESM 0.19 0.99 0.49 0.39 0.99 0.41
MIROC-ESM-CHEM 0.36 0.99 0.70 0.43 0.99 0.43
NorESM1-M 0.33 0.99 0.32 0.40 0.99 0.16
MPI-ESM-LR 0.23 0.99 0.63 0.42 0.99 0.46
MPI-ESM-MR 0.40 0.99 0.92 0.47 0.99 0.67

Fig. 5  MME mean of projected maximum temperature and mini-
mum temperature at a Barisal; b Bogra; c Chittagong; d Comilla; e 
Cox’s Bazar; f Dhaka; g Dinajpur; h Faridpur; i Jessore; and j Khulna 
station under different RCP scenarios. MME mean of projected 
maximum temperature and minimum temperature at k M.Court; l 
Mymensingh; m Rajshahi; n Rangamati; o Rangpur; p Satkhira; q 
Srimangal; and r Sylhet station under different RCP scenarios

▸
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respectively). The indices indicate that the SVM was very 
efficient in downscaling Tmx and Tmn. The historical, down-
scaled CMIP5 GCMs temperatures were also compared with 
the temperatures observed at the Rajshahi station. These 
results are presented in Table 2. It was found that MBE 
and RMSE were substantially less and NSE values were 
always more than 0.57 except for Tmn for BCC-CSM1-1. It 

is probably unrealistic to expect that all GCMs can be down-
scaled perfectly, and therefore, a low correlation between 
observed and downscaled temperature can be expected. 
However, this does not significantly affect the projection of 
mean temperature. The statistics clearly indicate the capabil-
ity of the GCMs in simulating both Tmx and Tmn.

Fig. 5  (continued)
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The results of the Wilcoxon, KS and Barlett’s tests in 
assessing equality in the median, distribution and variance 
values at the Rajshahi station are presented in Table 3. The 
null hypothesis was to be rejected if the p value was less than 
0.05. The p values obtained in the comparison of the observed 
and downscaled temperature from the NCEP data by the SVM 
model during the model validation were close to 1, indicating 
the ability of SVM models to downscale temperatures and 
produce results similar to the observed median, variance and 
distribution values. The p values (Table 3) were always more 
than 0.05 for all the tests and all the models. This indicates 
that all the GCM downscaled Tmx and Tmn values were able 
to replicate the observed median, distribution and variance.

4  Projection of Temperature

The GCM-simulated temperature for the period 2006–2099 
was used in downscaling models to project temperature at 
station level for different RCPs. Projected monthly tem-
perature values were converted to yearly values and then 

averaged to prepare the multi-model ensemble (MME). 
Simple averaging was used for the estimation of MME. 
Annual time series of the MME mean for all stations under 
all RCPs are presented in Fig. 5. The changes in Tmx and Tmn 
for future time periods were compared to the historical or 
base period (1971–2000) and are provided in Tables 4 and 
5, respectively.

Figure 5 shows an increase in Tmx and Tmn under all RCPs 
for all locations in Bangladesh. The greatest increase was 
noted in RCP8.5, and lowest in RCP2.6. The average daily 
Tmx was found to increase over the range of 1.3–2.3 °C, 
1.3–2.9  °C, 1.5–3.1  °C, and 2.2–4.3  °C for all RCPs 
(Table 4). The greatest increase in Tmx was projected for 
Chittagong for RCP8.5 (Fig. 5c) and the lowest increase for 
Rajshahi for RCP2.6 (Fig. 5m).

The average Tmn was shown to increase over the range of 
1.8–3.0 °C, 2.1–4.2 °C, 2.4–4.5 °C, and 3.2–5.1 °C under 
all RCPs (Table 5). For RCP2.6, the greatest increase was 
evident at M.Court station (Fig. 5k) and the lowest at Rang-
pur (Fig. 5o). At the same time, the greatest increase in Tmn 

Table 4  Changes in annual average of daily maximum temperature (°C) under different RCPs

Period Station RCP2.6 RCP4.5 RCP6.0 RCP8.5 Station RCP2.6 RCP4.5 RCP6.0 RCP8.5

2010–2039 Barishal 0.6 0.6 0.6 0.7 Khulna 1.6 1.7 1.5 1.6
2040–2069 1.0 1.3 1.3 1.9 1.9 2.4 2.2 2.8
2070–2099 1.0 1.7 2.3 3.4 2.0 2.7 3.3 4.1
2010–2039 Bogra 1.3 1.5 1.2 1.4 M.Court 0.1 0.1 0.0 0.1
2040–2069 1.8 2.4 2.4 3.0 0.3 0.6 0.6 1.0
2070–2099 1.9 2.9 3.7 4.8 0.4 0.9 1.5 2.0
2010–2039 Chittagong 0.4 0.4 0.3 0.3 Mymensingh 0.7 0.7 0.6 0.7
2040–2069 0.6 0.7 0.7 1.1 1.1 1.7 1.7 2.4
2070–2099 0.6 1.0 1.4 2.1 1.1 2.3 3.0 4.3
2010–2039 Comilla 0.4 0.4 0.2 0.3 Rajshahi 1.7 1.9 1.5 1.7
2040–2069 0.6 0.8 0.9 1.4 2.1 2.7 2.5 3.3
2070–2099 0.7 1.2 1.6 2.6 2.2 3.1 3.9 5.2
2010–2039 Cox’s Bazar 0.6 0.6 0.6 0.7 Rangamati 0.9 0.9 0.7 0.8
2040–2069 1.0 1.3 1.3 1.9 1.2 1.4 1.4 2.0
2070–2099 1.0 1.7 2.3 3.4 1.2 1.8 2.2 3.3
2010–2039 Dhaka 0.9 1.0 0.8 0.9 Rangpur 0.5 0.6 0.4 0.6
2040–2069 1.2 1.7 1.5 2.1 1.0 1.6 1.6 2.3
2070–2099 1.3 2.0 2.6 3.5 1.0 2.1 3.1 4.2
2010–2039 Dinajpur 0.9 1.0 0.8 1.0 Satkhira 1.8 1.8 1.6 1.8
2040–2069 1.4 1.9 1.9 2.5 2.1 2.4 2.5 2.8
2070–2099 1.4 2.4 3.3 4.2 2.2 2.7 3.5 3.9
2010–2039 Faridpur 0.8 0.9 0.7 0.8 Srimongal 0.7 0.6 0.4 0.5
2040–2069 1.1 1.7 1.5 2.2 0.9 1.1 1.2 1.6
2070–2099 1.2 2.0 2.7 3.7 1.0 1.5 2.1 2.8
2010–2039 Jessore 1.9 1.9 1.7 1.9 Sylhet 0.6 0.6 0.6 0.7
2040–2069 2.2 2.5 2.6 3.0 1.0 1.3 1.3 1.9
2070–2099 2.3 2.8 3.6 4.2 1.0 1.7 2.3 3.4
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was projected for Rangamati (Fig. 5n) and the lowest for 
Rangpur (Fig. 5o) for RCP8.5.

Tables 4 and 5 show that, from 2006 to 2099, Tmx and Tmn 
values were projected to rise linearly for all stations. Tmn was 
projected to rise at a greater rate than Tmx. These values indi-
cate a potential reduction in the diurnal temperature range 
(DTR) in Bangladesh over time.

The GCM-projected temperatures at 18 stations were 
averaged to produce the areal average projections for Bang-
ladesh for 2006–2099. The Tmx and Tmn projections for 
RCP2.6 and RCP8.5 are displayed in Fig. 6a, b, respectively. 
RCP2.6 and RCP8.5 represent the lowest and the highest 
emission scenarios, and therefore, the lowest and the highest 
projection in climate. These are presented to reflect possi-
ble future temperature change uncertainty. All models pre-
dicted that the greatest increase in Tmx and Tmn would occur 
between 2040 and 2069. A higher rate of increase in Tmn 
as compared to Tmx was also predicted by all GCMs. This 
indicates that nighttime temperatures would increase more 
than daytime temperatures, and that the DTR would gradu-
ally decrease. Other research has predicted that the global 

average DTR will decrease during 1950–1990 (Karl et al. 
1991; Easterling et al. 1997). Studies in Bangladesh (Shahid 
et al. 2016) and neighbouring India (Roy and Balling 2005; 
Jhajharia and Singh 2011) have also reported a decrease in 
the DTR.

Figure 6a, b show similar GCM projections of tempera-
ture in the near future; specifically, the period 2010–2039. 
Model projections deviate from each other in the middle 
of the century and also in the latter part of the century. For 
example, the range of average Tmx projected by different 
GCMs under RCP8.5 was only 1.7 °C (31.2–32.9 °C) during 
2010–2039, but increased to 2.5 °C (33.8–36.3 °C) during 
2070–2099, indicating some uncertainty in the temperature 
projections.

Downscaled GCM projections appear more diverse 
for RCP8.5 than for RCP2.6. For example, the range of 
GCM projected average Tmx under RCP8.5 was 2.5  °C 
(33.8–36.3 °C) during 2070–2099, but it was only 1.1 °C 
(31.2–32.3 °C) under RCP2.6 for the same period, again 
indicating uncertainty in the long-term projections when 
compared to the short-term.

Table 5  Changes in annual average of daily minimum temperature (°C) under different RCPs

Period Station RCP2.6 RCP4.5 RCP6.0 RCP8.5 Station RCP2.6 RCP4.5 RCP6.0 RCP8.5

2010–2039 Barishal 1.0 1.1 0.9 1.0 Khulna 1.5 1.7 1.4 1.6
2040–2069 1.4 1.8 1.7 2.3 1.9 2.3 2.3 2.8
2070–2099 1.4 2.1 2.9 3.7 2.0 2.7 3.4 4.2
2010–2039 Bogra 1.0 1.1 0.9 1.0 M.Court 1.2 1.3 1.1 1.2
2040–2069 1.4 1.8 1.7 2.3 1.6 1.9 1.9 2.3
2070–2099 1.4 2.1 2.9 3.7 1.6 2.2 2.9 3.5
2010–2039 Chittagong 1.4 1.4 1.2 1.3 Mymensingh 0.9 1.0 0.8 1.0
2040–2069 1.7 1.9 1.9 2.4 1.5 2.2 2.0 2.9
2070–2099 1.7 2.3 2.9 3.9 1.5 2.7 3.4 5.0
2010–2039 Comilla 0.7 0.7 0.6 0.6 Rajshahi 0.5 0.7 0.4 0.6
2040–2069 1.1 1.4 1.4 1.9 1.0 1.5 1.4 2.0
2070–2099 1.1 1.8 2.4 3.3 1.0 1.8 2.6 3.5
2010–2039 Cox’s Bazar 1.9 1.9 1.8 1.9 Rangamati 1.2 1.2 1.1 1.1
2040–2069 2.3 2.6 2.7 3.3 1.5 1.8 1.8 2.3
2070–2099 2.3 3.0 3.7 4.9 1.6 2.1 2.7 3.5
2010–2039 Dhaka 1.4 1.5 1.3 1.4 Rangpur 0.7 0.9 0.5 0.7
2040–2069 1.8 2.2 2.2 2.8 1.5 2.4 2.3 3.3
2070–2099 1.8 2.6 3.4 4.2 1.6 3.0 4.5 6.3
2010–2039 Dinajpur 0.4 0.5 0.2 0.4 Satkhira 1.1 1.2 1.0 1.1
2040–2069 1.0 1.6 1.5 2.2 1.5 1.7 1.9 2.3
2070–2099 1.0 2.0 3.0 4.0 1.6 2.1 2.9 3.5
2010–2039 Faridpur 0.9 1.1 0.8 0.9 Srimongal − 0.9 − 1.0 − 1.2 − 1.1
2040–2069 1.3 1.8 1.7 2.3 − 0.5 − 0.3 − 0.2 0.4
2070–2099 1.4 2.2 2.9 3.7 − 0.4 0.2 1.0 1.8
2010–2039 Jessore 0.7 0.8 0.6 0.7 Sylhet 1.0 1.1 0.9 1.0
2040–2069 1.1 1.4 1.5 1.9 1.4 1.8 1.7 2.3
2070–2099 1.1 1.7 2.5 3.3 1.4 2.1 2.9 3.7
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5  Changes in Spatial Patterning

The spatial variation of future temperature changes (for 
2070–2099), when compared to that observed, was also ana-
lysed. The MME mean Tmx and Tmn were used to prepare 
temperature change maps. Figure 7 shows the spatial charac-
teristics of annual Tmx and the changes under different RCPs. 
This shows an increase in daily Tmx over the entire Bang-
ladesh area for all RCPs. The greatest increase in Tmx was 
mostly in the northern regions by 1.6–1.8 °C, 2.1–2.8 °C, 
2.6–2.7 °C, and 4.6–4.8 °C for RCP 2.6, 4.5, 6.0 and 8.5, 
respectively. In contrast, the smallest increase was projected 
for the southeast coastal region by 0.8–1.0 °C, 1.5–2.0 °C, 
1.5–2.0 °C, and 2.2–2.5 °C for different RCPs.

The spatial pattern of annual Tmn during base period 
and its changes under different RCPs during 2070–2099 
is shown in Fig. 8, indicating an increase in annual Tmn 
over Bangladesh. The greatest increase was in the north by 
2.1–2.5 °C, 3.6–4.2 °C, 4.6–5.0 °C, and 5.6–6.0 °C for all 
RCPs, while the smallest increase is observed in the south-
east coastal region by 1.2–1.5 °C, 1.8–2.0 °C, 2.5–3.0 °C, 
and 3.0–3.5 °C for all the RCPs. Average Tmx and Tmn in 
the north was lower than that noted in other regions. This 
projected rise in temperature has the potential to change the 
large-scale temperature patterns over Bangladesh.

Fig. 6  Projection of areal average of a maximum temperature; and b minimum temperature for Bangladesh under RCP8.5 and RCP2.6
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6  Changes in Monthly Temperature

The average changes in Tmx and Tmn for different months 
were also examined to understand seasonal changes. Pro-
jected changes in temperature for each month for the 
2070–2099 period were compared with the temperature 
of the corresponding month for the 1971–2000 period 
(Table 6). The projected changes in Tmx and Tmn in differ-
ent months for three periods (2010–2039, 2040–2069, and 
2070–2099), were compared to the base year (1971–2000) 

for all the four RCPs. These changes are presented in Figs. 9 
and 10, respectively.

Table 6 and Fig. 9 show an increase in Tmx in all months 
apart from February and March, for RCP2.6 and RCP4.5. 
In February, RCP2.6 and RCP4.5 temperature values were 
predicted to decrease by − 0.79 °C and − 0.19 °C, respec-
tively. In March, all the RCPs, expect RCP8.5, predicted 
a decrease in temperature. The greatest decrease was 
predicted for RCP2.6 (by − 1.38 °C) and the lowest for 
RCP6.0 (by − 0.08 °C). The greatest increase in Tmx was 
predicted for the monsoon month of June (2.61–5.23 °C) 

Fig. 7  Spatial distribution of annual average of daily maximum temperature for a base year 1961–2005, and its increase during 2070–2099 com-
pared to base period under b RCP2.6; c RCP4.5; d RCP6.0; and e RCP8.5 scenarios
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Fig. 8  Spatial distribution of annual average of daily minimum temperature for a base year 1961–2005; and its increase during 2070–2099 com-
pared to base period under b RCP2.6; c RCP4.5; d RCP6.0; and e RCP8.5 scenarios

Table 6  Projected changes 
in maximum and minimum 
temperatures in different months 
in 2070–2099 compared to base 
year (1971–2000)

Scenarios Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Max temp RCP2.6 0.98 − 0.79 − 1.38 1.27 2.35 2.61 1.40 1.07 0.96 1.42 2.42 2.59
RCP4.5 1.67 − 0.19 − 0.70 2.31 3.17 3.39 2.00 1.60 1.50 2.02 2.81 3.36
RCP6.0 2.64 0.29 − 0.08 3.22 4.22 4.38 2.64 2.29 2.30 2.89 3.40 4.11
RCP8.5 3.54 0.98 1.16 4.09 4.94 5.23 3.77 3.27 3.33 3.87 4.14 4.95

Min temp RCP2.6 1.71 1.95 3.89 3.15 2.07 0.66 − 0.04 − 0.15 0.48 2.22 2.40 1.78
RCP4.5 2.54 3.12 5.03 3.71 2.57 1.04 0.19 0.07 0.69 2.81 3.51 2.99
RCP6.0 4.16 4.37 5.50 4.29 3.44 1.58 0.43 0.31 0.96 3.28 5.20 4.45
RCP8.5 5.98 6.53 6.10 4.99 4.08 2.17 1.00 0.76 1.48 3.77 6.65 6.45
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in all RCPs, and the second highest increase was predicted 
for the winter month of December (2.59–4.95 °C). The 
maximum increase in Tmx was also seen to occur in the 
pre-monsoon months for both RCP2.6 and RCP4.5.

The annual average of daily Tmn was predicted to increase 
in all the months for all RCPs, with the exception of RCP2.6. 
The Tmn in the monsoon months of July and August was found 
to decrease for RCP2.6. The lowest increase in Tmn was also 

Fig. 9  Changes in maximum temperature during different months under a RCP2.6, b RCP4.5, c RCP6.0, and d RCP8.5 scenarios

Fig. 10  Changes in minimum temperature during different months under a RCP2.6, b RCP4.5, c RCP6.0, and d RCP8.5 scenarios
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noted during the monsoon months for the other RCPs. Overall, 
RCP2.6 and RCP4.5 predicted a greater increase in Tmn in the 
pre-monsoon months, and RCP6.0 and RCP8.5 projected a 
greater increase in Tmn in the winter months. For example, 
Tmn in monsoon months was predicted to be between 0.76 and 
2.17 °C for RCP8.5, as compared with 5.98–6.53 °C in winter 
months. Overall, the results suggest that Tmx would increase 
more in the pre-monsoon and early monsoon, and Tmn would 
increase predominantly in the winter and early pre-monsoon 
months.

7  Conclusion

An ensemble of eight (8) CMIP5 GCMs has been used 
to predict future changes in temperature over Bangladesh 
using a robust statistical downscaling technique. The 
downscaling model developed as a result of the study 
performed very well, as shown by the performance met-
rics and non-parametric statistics test results. Changes 
in annual and seasonal temperature as well as the spatial 
distribution of annual temperature were assessed and the 
following conclusions were drawn. First, both the Tmx and 
Tmn would increase for all future climate change scenarios 
in Bangladesh. Tmn would increase more than Tmx. Tmx 
could increase by 1.3–2.3 °C, 1.3–2.9 °C, 1.5–3.1 °C, and 
2.2–4.3 °C, and Tmn by 1.8–3.0 °C, 2.1–4.2 °C, 2.4–4.5 °C, 
and 3.2–5.1  °C under RCP2.6, RCP4.5, RCP6.0 and 
RCP8.5, respectively, in the latter part of the current cen-
tury. Second, the increase in temperature would be linear 
(with respect to time) for all RCPs. The rate of increase 
may, however, be marginally higher in the middle part 
of the century (2040–2069). Third, there would be high 
spatial variability in the increases in both Tmx and Tmn. For 
example, RCP2.5 modelling predicted that, in the northern 
regions, Tmx could increase by 1.6–1.8 °C and in the south-
ern coastal regions by 0.8–1.0 °C. Similarly, Tmn in the 
northern region could increase by 2.1–2.5 °C and in the 
southeast region by 1.2°–1.5°. As the historical average for 
both Tmx and Tmn in the northern regions is lower than in 
other areas, a rapid increase in temperature in this region 
could modify current spatial temperature patterns. Fourth, 
it is predicted that both Tmx and Tmn would increase in 
almost all the months under all scenarios. In general, Tmx 
would be much higher in the pre-monsoon and early mon-
soon months, while Tmn would increase during the win-
ter months. It should be noted that, as uncertainty in the 
temperature projection is likely to increase with time, any 
projections developed under the RCP8.5 trajectory reflect 
a greater degree of this uncertainty when compared to pro-
jections developed under other scenarios.

Spatiotemporal changes in the average Tmx and Tmn of 
Bangladesh were assessed through downscaling of GCM 

simulated monthly temperature. Daily temperature can be 
successfully downscaled and used to evaluate and predict 
changes in temperature extremes, extremes which can sig-
nificantly impact agriculture, public health and other areas of 
Bangladesh society. These projected temperatures can also be 
used for assessing climatic impacts and provide information 
for possible mitigation strategy research.
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