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Abstract Artificial neural network (ANN) is an established
technique with a flexible mathematical structure that is capa-
ble of identifying complex nonlinear relationships between
input and output data. The present study utilizes ANN as a
method of statistically downscaling global climate models
(GCMs) during the rainy season at meteorological site loca-
tions in Bangkok, Thailand. The study illustrates the applica-
tions of the feed forward back propagation using large-scale
predictor variables derived from both the ERA-Interim
reanalyses data and present day/future GCM data. The pre-
dictors are first selected over different grid boxes surrounding
Bangkok region and then screened by using principal com-
ponent analysis (PCA) to filter the best correlated predictors
for ANN training. The reanalyses downscaled results of the
present day climate show good agreement against station pre-
cipitation with a correlation coefficient of 0.8 and a Nash-
Sutcliffe efficiency of 0.65. The final downscaled results for
four GCMs show an increasing trend of precipitation for
rainy season over Bangkok by the end of the twenty-first
century. The extreme values of precipitation determined using
statistical indices show strong increases of wetness. These
findings will be useful for policy makers in pondering adap-
tation measures due to flooding such as whether the current

drainage network system is sufficient to meet the changing
climate and to plan for a range of related adaptation/
mitigation measures.

1 Introduction

There is now a strong evidence that global warming is occur-
ring rapidly. The Intergovernmental Panel on Climate Change
(IPCC) has mentioned in its Fifth Assessment Report (AR5),
published in 2013, that it is certain that global mean surface
temperature has increased since the late nineteenth century
and the decade of the 2000s has been the warmest. It is also
reported that it is virtually certain that maximum and mini-
mum temperatures over land have increased on a global scale
since 1950. The IPCC reports that there is also a medium
confidence in a significant human influence on global scale
changes in precipitation patterns, including increases in
northern hemisphere mid to high latitudes. It is likely that
human influence has affected the global water cycle since
1960. It is reported that future increases in precipitation ex-
tremes related to the monsoon is very likely in South Amer-
ica, Africa, East Asia, South Asia, Australia and Southeast
Asia. Temperatures may see increases by 3 °C and rainfall
increases up to 40 % by the end of the century, over Southeast
Asia (IPCC 2013). Overall, many of the indicated climatic
changes and projections have been found to be consistent
with its earlier report, AR4.

This emphasizes the severity of climate change and its im-
pacts and the strong involvement of human-induced changes
to that effect. Because of the coarse resolutions of the global
climate models (GCMs), there exist limitations in quantifying
climate and its changes over regions or specific locations that
are many times smaller than what is resolved by large scale
models. The usual resolution of GCMs range from 150 to
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400 km whilst the subregional/local information is required at
much smaller scales, may be 10–50 km or even to a station
location over one grid point. In a need for such local scale
information, we apply an empirical downscaling to study fu-
ture climate changes during the rainy season over specified
locations in Bangkok, Thailand, a city very vulnerable to cli-
mate change (Bigio 2003; Senga (2009). With the availability
of full observational records for station data in Bangkok, we
apply a statistical downscaling method to downscale future
climate under different scenarios. In this study, we analyse
three of the GCMs under the IPCC’s A1B scenario of the
Coupled Model Intercomparison Project 3 (CMIP3) and one
GCM under the Representative Concentration Pathways
(RCP) 4.5 (van Vuuren et al. 2011), to assess future changes
in rainfall over Bangkok.

The main assumptions for statistical downscaling are that
(i) high quality large scale and local data will be available for a
sufficiently long period to establish robust relationships of the
current climate and (ii) relationships which are derived from
recent climate will be relevant in a future climate. Many pa-
pers have dealt with statistical downscaling concepts, their
prospects and their limitations (von Storch 1995; Hewitson
and Crane 1996; Wilby and Wigley 1997; Zorita and von
Storch 1997; Gyalistras et al. 1994; Murphy 1999, 2000;
Widmann and Bretherton 2000). The advantages of using this
technique are that they are computationally inexpensive and
can easily be applied to analyse the output data from different
GCM experiments. The applications of this downscaling tech-
nique varywidely with respect to regions, spatial and temporal
scales, type of predictors (those climate variables which are
used to predict) and predictands (those climate variables
which are predicted) and their climate statistics (Jones et al.
2004). There are three main categories for statistical down-
scaling are (1) transfer function (Wilby et al. 1998, 2002), (2)
weather typing (von Storch et al. 1993) and (3) stochastic
weather generator (Kilsby et al. 2007). The most typical trans-
fer function approach with linear relationship between predic-
tors and predictand that has been widely used is by the Statis-
tical Downscaling Model (SDSM) (Wilby et al. 2002). How-
ever, SDSM is good for downscaling temperature fields but
not good for precipitation (Chen et al. 2012b).

Some recent studies have used the artificial neural network
(ANN) to statistically downscale climate variables. Fistikoglu
and Okkan (2011) and Okkan and Fistikoglu (2013) applied
Levenberge-Marquardt algorithm-based feed forward neural
networks (LM-FFNN) to downscale GCM CGCM3 for pres-
ent day and future climates for precipitation and temperature
over the Thatali River basin in Turkey. After downscaling,
bias correction was applied to these variables and evaluated
at watershed scale by means of a parametric hydrological
model GR2M to observe the probable impacts of temperature
and precipitation changes on runoff for near-future periods.
Their findings indicated that the near-future runoff was likely

to decrease by 32 % leading to a reduction in water supply.
Mendes and Marengo (2010) compared ANN with an auto-
correlation statistical downscaling model to downscale five
coupled GCMs for a region in the Amazon Basin. Their re-
sults indicated that the ANN model significantly
outperformed the other statistical models for downscaling of
daily precipitation. Hu et al. (2013) compared three statistical
downscalingmethods: using SDSM,Generalized Linear mod-
el for daily Climate and Nonhomogeneous Hidden Markov
Model for downscaling summer precipitation at a network of
14 stations over the Yellow river region using the National
Centre for Environmental Prediction (NCEP) reanalysis data
and GCMs CGCM3 and ECHAM5. The paper concluded
that, under the future climate scenario, all areas of the study
region are likely to experience increases in both rainfall totals
and extremes. Their results also highlighted that climate pro-
jections based on results from only one downscaling method
should be interpreted with caution. Similar studies for other
regions in China were also done by Liu et al. (2013), Chen
et al. (2012a), Hu et al. (2012) and Liu et al. (2011).

There have been some but not many studies on climate
change over Thailand. Sharma and Babel (2013) applied the
bias correction and disaggregation techniques to downscale
precipitation from GCM ECHAM4/OPYC for three future cli-
mate 5-year periods. The downscaled precipitation was used as
input to the rainfall runoff model HEC-HMS for the upper Ping
river basin of Thailand. Their result suggested a decrease of 13–
19 % in the annual stream flow over the future compared to the
baseline period and a shift in the seasonal stream flow with
peak flow occurring in October–November rather than the usu-
al September as observed in the baseline period. Kang et al.
(2007) applied the correlation analysis and singular value de-
composition analysis (SVDA) to downscale precipitation for
Bangkok region. Sea level pressure (SLP) was chosen as the
sole predictor from the APEC Climate Center Multi-model
Ensemble because the SLP in the western North Pacific had a
stronger correlation with rainfall than other climate predictor
variables. Their findings indicated that the downscaling can
predict variability of precipitation for all the stations because
the parent model was good in simulating the SLP patterns.

In such a context, we study Bangkok rainfall during the
rainy season to assess whether Bangkok will experience more
intense rainfall under a changing climate, using the Artificial
Neural Network technique.

2 Methodology: study region, model and data

In this study, we apply a nonlinear relationship using artificial
neural network (ANN) (Priddy and Keller 2005) with input
data from the ERA-Interim reanalysis data for training/testing.
We use three GCMs under the Special Report on Emission
Scenario (SRES) A1B of the IPCC and one GCM under the

Vu M.T. et al.



latest RCP 4.5 scenario, to statistically downscale the precip-
itation over Bangkok area for present (1980–2000) and future
climates (2080–2100). The details of these GCMs are provid-
ed in Section 2.2.3.

2.1 Study area

Bangkok is the capital and commercial city of Thailand and is
one of the highly developed cities in Southeast Asia and as
well largely vulnerable to climate change (ADB 2009). The
region has a tropical wet and dry type of climate, Koppen type
Aw (Peel et al. 2007), with long durations of sunshine, high
surface temperatures and high humidity. Thailand experiences
a tropical climate and depends on wind field characteristics,
particularly on the location and intensity of the intertropical
confluence. The Inter-tropical Convergence Zone (ITCZ) re-
fers to the zone where trade winds of the two hemispheres
converge. Seasonal movement of the ITCZ induces large-
scale reversals of the wind regime. Two large-scale reversals
in air motion influence the climate of Thailand: the northeast
and southwest monsoon (Food and Agricultural Organization
(FAO) 1982). The northeast monsoon occurs from November
to February when the ITCZ moves southward. This type of
wind brings cool and dry air from the Siberian anticyclone
down to the country and creates a dry season for Thailand.
The southwest monsoon during summer gathers humid air
from the Indian Ocean when ITCZ moves northward. It first
creates a heavy downpour along the west coast of Thailand
and then spreads over the entire country, forming the rainy
season from early May to the end of October (Bachelet et al.
1992; Boochabun et al. 2004; Hung et al. 2009). By analysis
of the rainfall time series of Bangkok, the total annual rainfall
is about 1600 mm. By seasons, the total rainfall during the
rainy season (May–Oct) covers more than 85 % of the annual
rainfall whilst the dry season is only about 15 %. This implies
that the rainy season strongly influences the total annual rain-
fall. Therefore, the study focuses on the future climate change
over Bangkok area only during the rainy season.

2.2 Data

2.2.1 Station data

The observed daily precipitation data, for the period 1980–
2000, was obtained from the ThailandMeteorological Depart-
ment (TMD) for the Bangkok station, located in central of
Bangkok, at coordinates, latitude 13.73° N and longitude
100.56° E and depicted in Fig. 1.

2.2.2 Reanalysis data

The predictors’ dataset, which comprises large-scale climate
variables, was obtained from the reanalysis data for training/

testing process. The reanalysis data used was the European
Re-Analysis Interim dataset (Dee et al. 2011), referred to in
this study as ‘ERAI’. The data have a spatial resolution of 1.5°
longitude × latitude. Twenty-five ERAI grid points surround-
ing Bangkok area have been chosen with all the predictors,
which consisted of mean sea level pressure, relative/specific
humidity, zonal/meridional wind and temperature, and are
displayed in Fig. 1.

2.2.3 Global climate model data

Global climate data were obtained from three GCMs:
ECHAM5 (1.875° × 1.875°), from the Max Planck Institute
(MPI), Germany; CCSM3.0 (1.4° × 1.4°), from the National
Centre for Atmospheric Research (NCAR), USA andMIROC-
medium resolution (medres) (2.8° × 2.8°) from the Center for
Climate System Research, Japan, all under the CMIP3 scenario
A1B. One more GCM data was obtained from the atmospheric
model component of the Max Planck Institute’s Earth System
Model medium resolution (MPI-ESM-MR), whose future sce-
nario is under the CMIP5 scenario RCP 4.5. We consider the
RCP 4.5 for comparison against A1B scenario, as RCP 4.5 is
the next closest scenario of the SRES scenarios next to B1 as
sufficient predictor data were not available from B1 scenarios
for many GCMs. A present-day climate period 1980–2000 and
a future period 2080–2100 were considered in the study. How-
ever, not all predictors that were available from the reanalysis
data were available from the GCMs. Such limitations have also
been mentioned by Brands et al. (2011). Hence, there was a
need tomake a very careful screening of the predictor variables,
which is described in detail in Section 3. The choice of down-
scaling as many GCMs and scenarios as possible arose from a
suggestion by Wilby and Dawson (2004): ‘Users should not
restrict themselves to the use of a single GCM or emission
scenario for downscaling. By applying multiple forcing scenar-
ios (via different GCMs, ensemble member, time-slices or
emission pathways) better insight may be gained into the mag-
nitude of these uncertainties’.

Details on the predictors available from ERAI and other
GCM datasets are tabulated in Table 1.

2.3 Artificial neural network and principal component
analysis

2.3.1 Artificial neural network

The ANN model used in this study is a feed forward network
with three layers: an input layer, a hidden layer and an output
layer where each layer is connected by weights. This three-
layered feed forward network is commonly used due to its
general applicability to a variety of different problems (Hsu
et al. 1995). The learning procedure tries to find a set of
weights which gives a mapping that fits well with the input
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and output. The following function as an arbitrary nonlinear
function could be assumed:

F x;wð Þ ¼ y ð1Þ

where x is the input vector (predictors) presented to network,
w is the weight of the network and y is the corresponding
output (predictand) which is approximated or predicted by
the network.

Fig. 1 Distribution of ERA-Interim grid boxes (dots indicate 1.5° × 1.5°) and the location of 25 grid boxes surrounding Bangkok (red star)

Vu M.T. et al.



The standard training algorithm used in this method is the
back propagation algorithm. Coulibaly et al. (2000) reviewed
the ANN-based modelling in hydrology and reported that
90 % of the experiments extensively make use of the
multilayer-feed forward neural network (FNN) trained by
the standard backpropagation (BP) algorithm. The full math-
ematical derivation of this algorithm can be found in several
neural networks textbooks (Haykin 1994; Bishop 1995;
Martin et al. 1996). Two problems that can arise when using
the BP training algorithms are, first, that convergence may be
slow and, second, that the final weights may be trapped in
local minima over the highly complex error surface (Bishop
1995). Several recent improvements to the back propagation
algorithm (variable learning rate and the use of a momentum
coefficient) have helped to minimize these problems
(Kuligowski and Barros 1998; Tangang et al. 1998). However,
an alternative approach has been the introduction of numeri-
cally optimized techniques such as the Levenberg-Marquardt
(LM) method. This is based on an approximation of the
Gauss-Newton’s method (Björck 1996). It has the advantage
of converging faster and with more reliability than most back
propagation schemes (Martin et al. 1996).

In this study, the sigmoid transfer function is applied in
the hidden layer and linear transfer functions in the output
layers. The number of nodes in the hidden layer is calculated
in equation (2)

l ¼ 1

2
iþ oð Þ þ

ffiffiffiffi
N

p
ð2Þ

where l is number of node in the hidden layer, i is the number
of input node, o is the number of output node and N is the
number of records in the training set.

2.3.2 Principal component analysis (PCA)

Principal component analysis, also known as the Karhunen
Loeve transform, is one of the most popular techniques for
dimensionality reduction (Jolliffe 1986). PCA is applied to
transform the set of correlated M-dimensional predictors into
another set ofM-dimensional uncorrelated vectors called prin-
cipal components (PCs) by linear combination, such that most
of the information content of the original data set is stored in
the first few dimensions of the new set. In this study, PCAwas
performed to reduce the dimensionality of the predictors from
25 grid boxes (Fig. 1). The PCs of the PCAmethod give 90%
of the information of the original predictors. These new
datasets are provided as input to the ANN downscalingmodel.

2.4 Methodology

In this study, the overall methodology of proposed statistical
downscaling process is displayed in Fig. 2. All the GCM
predictor grids were interpolated to the same resolution as
reanalysis data ERAI, prior to statistical downscaling. Subse-
quently, the GCM predictors need to pass through standardi-
zation (aka normalization) which is a process involving
subtracting the mean and divided by the standard deviation
of the predictor variable for a predefined baseline period. This
is done to remove the systematic biases of the GCM predictors
relative to the station rainfall data or reanalysis data (Wilby
and Dawson 2004). The standardized predictors were then
extracted for 25 grid points surrounding Bangkok which are
shown in Fig. 1. There are total 16 predictors (Table 1) for
ERAI, 16 for MPI-ESM and 13 each for ECHAM5, CCSM3,
and MIROC-medres. Hence, the maximum dimension of

Table 1 Daily predictors
available for reanalysis and GCM
data, Bangkok location

Daily Variables Code ERAI ECHAM5 CCSM3 MIROC-m MPI-ESM

Mean sea level pressure mslp x x x x x

500 hPa geopotential height p500 x x x x x

850 hPa geopotential height p850 x x x x x

Near surface zonal velocity p__u x x x x x

Zonal velocity at 500 hPa height p5_u x x x x x

Zonal velocity at 850 hPa height p8_u x x x x x

Near surface meridional velocity p__v x x x x x

meridional velocity at 500 hPa height p5_v x x x x x

meridional velocity at 850 hPa height p8_v x x x x x

Near surface relative humidity rhum x x x

Relative humidity at 500 hPa height r500 x x x

Relative humidity at 850 hPa height r850 x x x

Near surface specific humidity shum x x x x

specific humidity at 500 hPa height s500 x x x x

specific humidity at 850 hPa height s850 x x x x

Mean temperature at 2 m temp x x x x x
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probable predictors associated with 25 grid points are
25 × 16 as inputs for each ANN model run (for ERAI and
MPI-ESM) and 25 × 13 inputs for other three GCMs. How-
ever, within 25 grid points for the same predictor (mean sea
level pressule (mslp), for example), the predictor value at
one grid point is highly correlated with its neighbour. Thus,
it might lead to multi-collinearity. Therefore, the PCA is
performed to reduce the dimensionality of the predictor var-
iables. The outputs of the statistical downscaling of the
GCMs include both the present-day and future datasets for
scenarios A1B and RCP4.5.

The development of downscaling models for each of
GCM started with the selection of predictors, principal com-
ponent analysis, then training/testing ERAI predictors using
the neural network. The trained ANN model is applied to
obtain projections of precipitation from the GCMs mentioned
above (see Table 2).

3 Choice of predictors

One of the most important steps in applying an empirical
downscaling is to screen for the most appropriate predictor
variables, as the downscaling results are strongly sensitive to
the choice of the predictors (Hewitson and Crane 1996). For
example, when precipitation is the predictand, the humidity in
multiple vertical atmospheric levels has a high correlation and

hence is sensitive to the choice predictors (Charles et al.
1999). In addition, a large number of predictor sets from
GCMs are not available as one could obtain from the reanal-
ysis data. The choice of predictors could vary from region to
region depending on the characteristics of large-scale

Fig. 2 Schematization of
methodology

Table 2 Choices of predictors for ANN training

Code ECHAM5 CCSM 3 MIROC-m MPI-ESM

mslp x x x x

p500

p850 x x x

p__u x x x x

p5_u

p8_u x x x x

p__v x x x

p5_v

p8_v

rhum x x

r500 x

r850

shum x x x

s500 x x

s850

temp x x x

Vu M.T. et al.



predictors and predictand as well as the direction of monsoon
season. Wilby and Wigley (2000) suggested that an ideal set
of predictors should have the following characteristics: (1)
physically and conceptually sensible with respect to the
predictand, (2) readily available from archives of observed
data and GCM output and (3) accurately modelled by GCMs.
It was also recommended that the candidate predictor suite
contains variables describing atmospheric circulation, thick-
ness, stability andmoisture content. Because of this constraint,
a simple procedure such as a partial correlation analysis may
be used to screen for the most appropriate predictor variables
(Wilby et al. 2003). Scatter plots and spatial correlation are
often used to select predictors (Dibike and Coulibaly 2005).

In this study, the spatial correlation between rainfall station
data with large scale predictors from ERAI reanalyses is de-
scribed in Section 3.1. Inter-seasonal plots for the southwest
monsoon rainfall predictors between ERAI and GCM
predictors are provided in Section 3.2. The above steps are
useful to verify if the predictors are realistically simulated by
the GCMs and if the predictors from ERAI and station data are
well correlated. Similar procedures are found in Anandhi et al.
(2009) and Ghosh (2010).

3.1 Spatial correlations between observations and reanalysis

Identifying empirical relationships between gridded predictors
and single site predictands is central to all statistical downscal-
ing methods (Wilby et al. 2002). In this procedure, spatial
correlations were calculated in monthly scales for the
present-day period using rainfall data from Bangkok station
against a set of 16 predictors (Table 1) of the ERAI reanalysis
during the rainy season, May, June, July, August, September
and October (MJJASO). The correlation analysis was comput-
ed using long term monthly data for 20 years from 1980 to
2000 using ERAI and Bangkok rainfall station data. The re-
sults of the spatial correlation coefficients are shown in Fig. 3.
The spatial correlations are shown as contour lines across the
map. The high correlation index is the value closer to 1 (pos-
itive correlation) or −1 (negative correlation). From Fig. 3, the
ERAI predictors, which have good correlation with southwest
monsoon rainfall at Bangkok are a set of 12 predictors: mslp,
p__u, p8_u, p5_u, p850, p500, p__v, rhum, r850, shum, s500
and temp. The highest correlation is for zonal wind at 850 and
500mb (p8_u and p5_u) (R ∼ 0.45) as the southwest monsoon
wind is the main driving force to flow in humid air from the
Indian Ocean towards Thailand. The meridional wind on the
other hand has negative correlation with Bangkok rainfall with
correlation of about 0.35 (p__v, p8_v). The relative humidity
at surface and at 850 mb also showed a correlation of R = 0.4,
next to zonal wind’s correlation with rainfall. The predictors
zonal wind and humidity at different levels normally showed
good correlations against local rainfall as in many other

studies by Hu et al. (2013); Mahmood and Babel (2013);
Liu et al. (2013) and Duhan and Pandey (2014).

This section has described the choice of predictors based on
spatial correlation with local rainfall. In the next section, the
inter-seasonal southwest monsoon rainfall predictors are plot-
ted with the Pearson correlation coefficient to select the predic-
tors that agree well between the ERAI reanalysis and GCMs.
This analysis allows a determination of which predictors are
most strongly correlated, which in turn helps in making a good
selection of predictors for downscaling. These results can also
assist in choosing a set of quasi-independent predictor variables
that will reduce the problem of multi-collinearity in developing
regression equations (Wilby and Wigley 2000).

3.2 Inter-seasonal southwest monsoon predictors
between reanalysis and GCMs

According to Wilby and Wigley (2000), the chosen predictors
for training in the reanalysis variables ought to be similar to
those from the GCMs. Fig. 4 displays the inter-seasonal south-
west monsoon averaged over a 25-grid box domain for all 16
predictors between ERAI and GCM MPI-ESM, in monthly
scales. We used the MPI-ESM for this comparison because a
full set of predictors, as shown in Table 1, was available (and
not available from the other GCMs). There is no unit in this
chart because all the predictors were standardized. The blue
colour represents ERAI whilst the red represents MPI-ESM
(the Pearson correlation coefficient R was computed for the
two datasets of the same predictor and added to the title, next
to predictor’s name as seen in each subplot of Fig. 4). The best
set of predictors, which have good inter-seasonal scale and
good correlation coefficient are p__v, p8_u, p__u and temp
with R = 0.86, 0.8, 0.79 and 0.78, respectively. The worst set
of predictors consists of p500, p5_v, s850 and r850 in that
order. From Fig. 4, we find the set of another 12 predictors
which have good inter-seasonal scale and correlations value,
which are mslp, p__u, p5_u, p8_u, p850, p__v, p8_v, rhum,
r500, shum, s500 and temp.

The other inter-seasonal southwest monsoon plots for pre-
dictors between ERAI and CCSM3, ECHAM5 and MIROC-
m were also calculated (not shown here) and the same trends
(magnitude and distribution) as that of MPI-ESMwere found.

3.3 Selection of predictors

As mentioned earlier, the results from the above sections (spa-
tial correlations and inter-seasonal plot) were used in the se-
lection of predictors which are inputs to the ANN method of
downscaling. With the position of Bangkok station in Fig. 1,
the number of input predictors was selected based on the con-
tour lines distribution of the correlation value surrounding
Bangkok region. The 12 predictors, as cited earlier in
Section 3.1, for ERAI training dataset with high spatial
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correlations against Bangkok rainfall station data are mslp,
p__u, p8_u, p5_u, p850, p500, p__v, rhum, r850, shum,
s500 and temp (Fig. 3). However, based on the inter-
seasonal plots for southwest monsoon predictors between
ERAI and MPI-ESM (Fig. 4), the two predictors: p500 and
r850 were ignored. Thus, only 10 variables: mslp, p__u, p8_u,
p850, p__v, rhum, r500, shum, s500 and temp were selected
as predictors for MPI-ESMmodel, which are also common in
the ERAI predictor set. The final sets of predictors, derived
thus, for different training/testing sets using ERAI and all
other GCMs, are shown in Table 2.

These selected ten predictors, from the ERAI reanalyses,
are used as input for model training. As displayed in Fig. 1,
there are 25 grid boxes used in the computation process.
Hence, there are a total of 10 × 25 = 250 predictors as input
to the ANN training process. This large number of predictors
and in addition, the similar predictors at neighbouring grid
boxes would have a very high correlation value. Therefore, a
direct use of the predictor variables, in statistical regression,
may lead to multi-collinearity and may be computationally
expensive. Therefore, to reduce the input dimension to the

downscaling process and to choose the best set of predictors
that contain all essential climate information, the PCA proce-
dure was applied. The principal components were selected on
the basis of the percentage of variance of original data. Statis-
tical downscaling model mapped the variability of climate
variables to the variability of rainfall using regression. This
criterion was also used by Hughes and Guttorp (1994),
Tripathi et al. (2006) and Ghosh (2010).

4 Results and discussion

4.1 Analyses of the present-day climate using ANN

The analyses of the present-day climate were done using the
ERAI reanalyses data for the MJJASO season. The PCA-
filtered predictors were given as input to the ANN. The train-
ing period for the ANNwas fixed for a period of 15 years from
1986 to 2000 and the testing period is fixed from 1980 to
1985. The performance of the training and testing set between
downscaled ERAI (using predictors for MPI-ESM) and

Fig. 3 Spatial correlation coefficient between ERAI predictors and Bangkok rainfall
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station data is evaluated using the Pearson correlation coeffi-
cient (CC), mean square error (MSE), root mean square error
(RMSE) and Nash-Sutcliffe efficiency (NSE) (Nash and
Sutcliffe 1970) formulated as equations (3), (4) and (5):

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

XN

i¼1

Oi−Sið Þ2
vuut ð3Þ

MSE ¼ 1

N

XN

i¼1

Oi−Sið Þ2 ð4Þ

NSE ¼ 1−

XN

i¼1

Oi−Sið Þ2

XN

i¼1

Oi−O
�� �2

ð5Þ

where, O and S are the observed and simulated precipitation
and N, the period of time steps.

The statistical indices for the above performances are shown
in Table 3. The statistical indices (CC, RMSE, MSE and NSE)
are relatively better for the training dataset than the testing dataset
when compared to station rainfall. The correlation coefficient for
training is about 0.8 which is reasonably good and also the
testing’s CC is about 0.7. The interannual monsoon season

MJJASO was plotted against station rainfall data and down-
scaled ERAI dataset in Fig. 5 for both training and testing pe-
riods inmonthly scale. FromFig. 5, it is seen that the downscaled
ERAI (blue dotted line) underestimates the peak and overesti-
mates the trough of station rainfall (continuous black line). Over-
all, these results indicate the chosen ANNmethod proved to be a
good tool in validating the downscaled reanalyses.

It is to be noted here that there were four sets of predictors,
each, ERAI against four GCMs. The above ANN results are
based on the set of ERAI and GCM MPI-ESM using 250
predictors selected from Section 3. The other sets of
training/testing to downscale [175 predictors for ECHAM5,
150 predictors for CCSM3 and 150 predictors for MIROC-
medres] specified in Table 2 are not shown here. These four
sets were used to downscale the present-day 1980–2000 and
future 2080–2100 scenario A1B and RCP4.5 for the four re-
spective GCMs, as described in Section 2.2.3.

Fig. 4 Inter-seasonal southwest monsoon standardized predictors between ERAI and GCM MPI-ESM for baseline climate 1980–2000

Table 3 Statistics
between station data and
downscaled reanalysis
ERAI for rainy season:
training and testing set

Statistics Training Testing

CC 0.81 0.71

RMSE 2.43 2.87

MAE 1.93 2.05

NSE 0.65 0.50
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4.2 Future rainfall over Bangkok

In order to assess the future rainfall, downscaled projec-
tion GCMs were used in the study (see Section 2.2.3).

These GCMs form an ensemble dataset, which could
give a range of uncertainties of the future climate. Ini-
tially, the percentage change in precipitation (with re-
spect to the present-day climate) was assessed, followed

Fig. 5 Inter-seasonal southwest monsoon rainfall with station observation data and downscaled ERAI

Fig. 6 CDF of downscaled present and projected southwest monsoon rainfall from four GCMs
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by some statistical evaluations of the changes in rainfall
extremes.

4.2.1 Change in magnitude and trend of future precipitation

The results for statistical downscaling of the present-day climate
and their future projections are displayed in Fig. 6 as cumulative
distribution function (CDF) of both datasets. The CDF graphs
of GCM projections are distributed to the right of the present-
day climate, indicating that there is an agreement with the in-
creasing trend for all downscaled GCMs in future climate.

The box plots between station data, downscaled re-
analysis data and present-day and future climate of the
same GCMs are displayed in Fig. 7. This comparison
has been done to evaluate the agreement of the GCMs
against both station data and reanalyses. At the same
time, the median changes of the downscaled GCMs also
indicate increases (changes) in rainfall over the future
climate compared to the present day. Especially, the
boxplots of CCSM3 and MIROC-m clearly show an
increasing trend in the future rainfall compared to the
present-day conditions.

Fig. 7 Boxplot for station rainfall data, trained ANN model with ERAI, downscaled present and projected southwest monsoon from four GCMs

Fig. 8 Delta change (%) between
projected southwest monsoon
rainfall and present for different
downscaled GCMs. The
ensemble value is the average of
four GCMs’s delta change
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The change in magnitude of future precipitation was also
assessed by using the ‘delta change factor’ approach. This
approach has been applied to calculate the different between
future and present-day climate using Eq. (6).

Δ %ð Þ ¼ F−Pð Þ
P

� 100 ð6Þ

where F is the future rainfall and P is the present-day rainfall.
Overall, there is an agreement in increasing rainfall during the

rainy season, for all four GCMs (Fig. 8). The increase is different

for all GCMs during the wet season, from lowest of ECHAM5
A1B (7.8 %) to highest of CCSM3 A1B (58 %). The ensemble
results between four GCMs is the average of the four, stands at
32.8 %, which is significant to show that Bangkok might expe-
rience wetter conditions during the rainy season in the future.

4.2.2 Change in extreme precipitation indices

Assessing the mean changes in the future climate alone is not
sufficient to understand the changes in their entirety as the

Fig. 9 Cumulative gamma distribution function of statistical indices for downscaled southwest monsoon rainfall, both present (PD) and projection (FU),
from GCMs. a Ptot, b P95p, c R5d, d Prcp, e SDII and f Pcdd
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mean values mask the changes in extremes. To this end, we
chose a few indices, from the statistical and regional dynam-
ical downscaling of extremes (STARDEX) (The European
Commission-funded project) (available at http://www.cru.
uea.ac.uk/cru/projects/stardex/), to assess future changes.
These indices are the following:

– Prcp Annual maximum wet day frequency (day)
– Ptot Total number of wet days (day)
– SDII Wet day precipitation intensity (mm/day)
– R5d Maximum 5-day consecutive rain (mm)
– P95p 95th percentile of precipitation (mm)
– Pcdd Annual maximum dry day frequency (day)

The relative changes, for these indices, were estimated
from future (2080–2100) with respect to the present day
(1980–2000), as displayed in Fig. 9. For an easy comparison,
the distributions of these six indices have been shown for both
for present day and future together, so that the changes in the
future distributions are evident. The distributions were calcu-
lated for the fitted cumulative gamma probability distribution
functions (CDFs) of these indices for baseline period (plotted
as dashed line) and future period (continuous line). The pres-
ent day climate, in the legend, is abbreviated as ‘PD’, the
future ‘FU’. Each downscaled GCM is displayed in different
colours and line patterns, for clarity. There are eight curves in
each statistical index plot to represent both present-day and
future climates of the four downscaled GCMs.

Results indicate that the overall trend for the future wet
indices (SDII, Prcp, Ptot, R5d, P95p) are on the increase. In
contrast, the dry index (Fig. 9f) distribution of the future CDF
curve shows mixed trends. These imply that the future cli-
mates are likely to be dominated by increases in the precipi-
tation indices during the rainy season. This was the question
we bore in mind as the crux of this study, and some initial
answers have been made available from these results. These
can have strong implications as the increasing extreme rainfall
intensity over Bangkok during rainy season may induce large
flooding and inundation for the area, which was already vul-
nerable to one such flooding in 2011. Yet, these results are not
final answers such as more detailed work as to incorporating
more GCMs and scenarios may be necessary for higher con-
fidence in the results.

5 Conclusion

We performed an empirical downscaling using ANN over
Bangkok to assess future changes in precipitation during the
rainy season. The reanalysis dataset ERA-Interim was filtered
using PCA and downscaled using ANN over the Bangkok
region, by choosing a suite of appropriate predictors. Later,
we investigated the possible changes in future southwest

monsoon rainfall using three different GCMs (CCSM3,
ECHAM5 and MIROC-m), under CMIP3 A1B scenario and
one CMIP5 GCMMPI-ESM under RCP 4.5. The training and
testing using the reanalysis predictors showed the capability of
the statistical downscaling by PCA and ANN to reproduce the
observed long-term precipitation trend. Changes in the future
rainfall indicate an increase in rainfall during MJJASO
months. The statistical indices analysis on rainfall extremes
shows an increase towards the future for the wet indices. Es-
pecially, an increase in extreme wet day rainfall intensity dur-
ing rainy season is likely that may induce flooding and inun-
dation to the region. These have strong implications for Bang-
kok region that is highly vulnerable to climate changes and
needs adequate mitigation measures. Although this study con-
sidered only a few GCMs/scenarios, a larger ensemble of such
GCMs/scenarios may expand the range of uncertainties for a
better understanding of possible changes. However, we have
presented a cost-effective approach in assessing climate
changes using the ANN method, in contrast to employing
computationally expensive dynamical downscaling. This
method can also be used for larger ensembles, something that
could prove useful by giving important information for policy
makers for adaptation.
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