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1.  INTRODUCTION

Climate change has become a topic of general
interest due to its impacts, such as heatwaves,
drought and floods and has affected the well-being
of mass society (Valipour 2015a,b). According to the
IPCC fifth assessment report (AR5) working group 1,
the global climate has been following a rising trend
in temperature, averaging at 0.85ºC over the period
from 1888 to 2012 (Hartmann et al. 2013). In addition,
it has been reported that changes in extreme climate
events can be traced back to the 1950s, when a
decrease in the number of cold days and an increase
in warmer days was recorded (Caesar & Lowe 2012,
Orlowsky & Seneviratne 2012, Donat et al. 2013, Sill-

mann et al. 2013). Along with increasing global mean
temperature, the IPCC (2013) has also reported, with
medium confidence, that extreme events related to
precipitation might have increased at the same time
but these vary by region.

With regard to the change in precipitation (e.g.
rainfall, snowfall, hail, drizzle and sleet) over land,
some regions have experienced wetter conditions
while others have become drier (Valipour 2015a). In
the eastern areas of North and South America, it has
become wetter and while the overall mean tempera-
ture has increased, the increment is smaller than
elsewhere (IPCC 2013). On the other hand, in the
northern lands where the climate is traditionally
cold, more precipitation events can be observed. This
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is due to the increased water-holding capacity of the
atmosphere associated with warmer temperatures. In
particular, Southeast Asia has experienced a temper-
ature increase of up to 1ºC, and this is projected to
rise by 1.5 to 2ºC in the 2050s relative to the observed
mean temperature for 1986 to 2005 (IPCC 2013). As
such, mean precipitation can be expected to increase
across the region.

At present, future changes in climate variables are
projected through global climate models (GCMs)
produced by meteorological research centres. Unfor-
tunately, these projections do not truly represent
local weather conditions (typically under 5 km) as
their scale is too large, ranging from 100 to 300 km.
Therefore, weather scientists have been using spatial
‘downscaling’ techniques to bridge the resolution
gap by connecting global and local weather condi-
tions and quantifying the relationships between
related climate variables. Fundamentally, there are 2
distinct categories of spatial downscaling: dynamical
and statistical. The former involves the use of high
resolution numerical models to nest the GCM into
the regional climate model (RCM), while the latter
focuses on deriving statistical relationships between
the GCM and the local climate. This study will focus
on the statistical downscaling approach as it is con-
sidered ‘lighter’ in terms of computational power and
less time-consuming (Wilby & Wigley 1997).

In general, statistical downscaling can be classi-
fied into regression methods, weather typing and
wea ther generators (Wilby & Wigley 1997, Fowler et
al. 2007). Regression methods include the delta
method, linear and multilinear regression, canonical
component analysis (Barnett & Preisendorfer 1987)
and  artificial neural networks (ANNs).  Weather-
typing methods relate pre-determined weather
classes to local and regional climate variables
(Wilby & Wigley 1997). The methods used for classi-
fying weather types include empirical orthogonal
functions (EOF) or principal component analysis
(PCA) (Goodess & Palutikof 1998), sea level pres-
sure indices (Conway et al. 1996), cluster analysis
(Fowler et al. 2000) and fuzzy rules (Bárdossy et al.
2002). Weather generators are statistical models
capable of reproducing attributes of climate. They
are usually used to create synthetic time series of
climate variables, such as precipitation and temper-
ature. Some widely used weather generators are the
Long Ashton Research Station Weather Generator
(LARS-WG) and the Statistical Downscaling Model
(SDSM) of Wilby et al. (2002). In the present study,
statistical downscaling using a metaheuristic ANN
is considered.

ANNs are known as ‘black box’ mechanisms as
they mimic the biological processes of an animal
brain, or more specifically, the neural structure of the
cerebral cortex of a human brain. The basic structure
of an ANN is shown in Fig. 1. ANNs are capable of
analysing nonlinearities in a dynamical model that
impede an exactly solvable solution, particularly in
meteorology, where the atmospheric parameters are
highly nonlinear and an understanding of the physi-
cal processes is lacking (Luk et al. 2000). 

According to French et al. (1992) and Lachter -
macher & Fuller (1994), the advantages of using
ANNs compared to other statistical models are: (1)
ANNs do not require a priori knowledge of the
underlying process; (2) ANNs include all relation-
ships controlling the process; and (3) ANNs do not
require pre-specified parameters and, therefore, are
not limited by such conditions. In comparison, tradi-
tional statistical methods rely on inherent assump-
tions that limit their applicability. For example, multi-
linear regression assumes that parameters are linear,
while polynomial regression requires pre-determi ned
parameters. Marzban & Stumpf (1996) have argued
that the incorporation of assumptions may impede
the predictive capabilities of a particular fore casting
model.

In addition, ANNs are flexible enough to be
adapted to a wide range of problems, in which the
number of hidden nodes can be adjusted to suit the
complexity of a particular model (Luk et al. 2000).
Valverde Ramírez et. al (2005) compared the abilities
of an ANN and multi-linear regression to forecast
precipitation in the São Paulo region and found that
the ANN performed better than its counterpart. A
study by Silverman & Dracup (2000) proved the via-
bility of ANNs in predicting long-range precipitation.
Karamouz et al. (2009) also successfully predicted
long-term precipitation using an ANN, though they
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Fig. 1. Overview of the structure of an artificial neural 
network (ANN) (Dawson & Wilby 1998)
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commented that the results required more  fine-
tuning to achieve the desired accuracy.

In general, training of ANNs (the process through
which weights and biases are assigned and opti-
mised) is implemented through gradient-based
backpropagation methods, such as scaled conjugate
gradient (SCG) (Møller 1993) and  Levenberg-
Marquardt (LM) (Levenberg 1944, Marquardt 1963).
Unfortunately, these gradient-based methods are
easily trapped within a local optimum point, which is
undesirable because it prevents the network search-
ing for the global optimum. As such, the aim of the
present study was to implement a metaheuristic
algorithm, well-known for their ability to avoid local
trappings, as the ANN training function.

Metaheuristic algorithms have gained recognition
through solving realistic engineering problems in
various fields such as hydrology, geotechnical and
structural engineering (Gandomi et al. 2013). The
advantage of metaheuristics is that it makes few
assumptions about the problem being solved and is,
therefore, applicable to a variety of problems (Blum
& Roli 2003). The metaheuristic algorithm used here
is the bat algorithm (Yang & Gandomi 2012). It is
scripted and implemented as an ANN optimisation
function and can be run through the MATLAB ANN
toolbox. The trained network can then be used to
make predictions for long-term future precipitation
scenarios in 3 multi-decadal periods, namely the
2020s (2011 to 2040), 2050s (2041 to 2070) and
2080s (2071 to 2100). Future  intensity-duration-
frequency (IDF) curves can then be constructed from
these predictions.

IDF curves provide valuable information about the
estimated intensity of a precipitation event for a
given duration. Hydrologists depend on IDF curves
to design suitable stormwater management infra-
structures based on a specified return period within a
catchment. IDF curves can be constructed based on,
but not limited to, estimations from observational
data, typically in an annual maxima series (AMS).
The AMS is ranked and sorted in descending order.
The exceedance probability, which is the probability
of precipitation of a higher magnitude than the corre-
sponding data, is assigned to each of the sorted AMS.
It can be calculated using the plotting position for-
mula and the return period can then be obtained
from the inverse of the exceedance probability. The
process is then repeated for other durations. Finally,
IDF curves can be constructed by plotting the inten-
sity, represented by the sorted AMS, along with its
corresponding return periods against duration, typi-
cally measured in minutes.

Various studies (Arnbjerg-Nielsen 2012, Alam &
Elshorbagy 2015) have reported that climate change
exerts an increasing trend towards the maximum
amount of daily and sub-daily precipitation. From the
hydrology perspective, such change has the potential
to affect the intensity, duration and frequency of pre-
cipitation estimates. This implies that the hydrologic
design of stormwater management systems should
be changed. As the current design standard of storm -
water management uses historical ly based IDF cur -
ves, which are expected to change, it is crucial that
immediate attention is given to projections of future
precipitation, particularly daily and sub-daily precip-
itation in the context of climate change.

Updated IDF curves that account for climate
change have been put forward by Nguyen et al.
(2008) for Quebec, Canada, Solaiman & Simonovic
(2011) for London, England, Hailegeorgis et al.
(2013) for Trondheim, Norway and Rodríguez et al.
(2014) for Barcelona, Spain. Unfortunately, there is
still lack of studies related to updating IDF curves in
Malaysia. Hence, in consideration of possible chan -
ges in IDF curves due to climate change, we propose
a statistical method for the temporal downscaling of
precipitation forecasts produced by spatial down-
scaling models. This temporal downscaling method
will enable sub-daily precipitation to be estimated for
the construction of new IDF curves in the context of
climate change.

Throughout the paper, it is assumed that the read-
ers are familiar with the basics of ANNs (see Maren
et al. 1990, Masters 1993, Flood & Kartam 1994, Has-
soun 1995, Rojas 1996). The ANN materials covered
are strictly focused on feedforward networks, as
these have been used extensively for simulation and
forecasting of water resources (Maier & Dandy 2000).

2.  MATERIALS AND METHODS

2.1.  Study area

As a tropical country located near the Equator,
Malaysia is a considerably wet country with annual
total precipitation of 3500 mm in Peninsular Malaysia
(West Malaysia) and up to 4000 mm in Sabah and
Sarawak (East Malaysia). Though the 4 seasons are
not present in Malaysia, the local climate can be dis-
tinguished into 2 monsoons: Northeast (NE) and
Southwest (SW). The former spans from November to
March and the latter from May to September. Histori -
cally, the NE monsoon has been a wet season with an
expected maximum daily precipitation of 350 to
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480 mm. On the other hand, the
SW monsoon is relatively dry, with a
maximum daily precipitation of 42 to
57 mm.

The climate of Peninsular and East
Malaysia differ, in that the latter gen-
erally receives a higher precipitation
volume, especially during the NE
monsoon. The area used for study is
Kuching (1º 33’ N, 110º 20’ E; Fig. 2).
The average total precipitation in
Kuching is about 4096 mm annually
(based on precipitation data from
1958 to 2010). Kuching typically ex -
periences maximum precipitation dur-
ing the end of December and early
January; while minimum precipita-
tion events occur during June and
July (MOSTI 2013), when the maxi-
mum daily precipitation can reach up
to 485.4 mm. Fig. 3 shows an isohyet
of mean seasonal precipitation distri-
bution during 1960 to 1990 through-
out East Malaysia. As the figure
shows, Kuching is the wettest area
within the region.

2.2.  Climate model

The GCM model selected for this
study is ECHAM5, developed at the
Max Planck Institute for Meteorology
(MPIM), Germany. It is an atmos-
phere− ocean coupled GCM, with a
resolution of approximately 1.875º lat-
itude (Lat.) × 1.875º longitude (Long.).
Further details on ECHAM5 have
been documented by Roeckner et al.
(2003). The predictors are downloadable from the
IPCC data distribution centre (www. ipcc-data.org/
sim/gcm_monthly/SRES_AR4/index.html) in GRIB
and netCDF file formats. There are 3 ensemble runs
available for download, and ‘run 3’ was chosen for
this study as it contains the most complete predictor
sets compared to its counterparts. In general, there
are 4 distinct types of climate scenarios available,
namely A2, A1, B2 and B1. These scenarios are based
on the ‘Special Report on Emission Scenarios’ (SRES)
and have been used as the baseline setting for most
GCMs, including ECHAM5.

The reasons for selecting ECHAM5 are its avail-
ability and completeness of data, as well as better

resolution compared to its counterparts. For example,
HadCM3 (Hadley Centre for Climate Prediction and
Research, Met Office, UK) has a resolution of 2.5º Lat.
× 3.75º Lon. and CGCM3.1 (T47) (Canadian Center
for Climate Modelling and Analysis, Canada) has a
resolution of 3.75º Lat. × 3.75º Lon. In addition, a
study by Salathe et al. (2007), which presented an
evaluation of 10 GCMs based on 20th century simu-
lations in the Pacific Northwest, USA, found the
ECHAM5 model to be a good ‘middle-of-the road’
scenario. This climate model also shows relatively
small biases in temperature and precipitation simula-
tion for the 20th century compared to other GCMs,
which include HadCM3, CCGCM3.1, CSIRO-Mk3
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Fig. 2. Location of Kuching (sourced from Google Maps)

Fig. 3. Mean seasonal precipitation in East Malaysia from 1961 to 1990
(adapted from Malaysian Meteorological Department [MMD] 2009). DJF:
 December, January, February; MAM: March, April, May; JJA: June, July, 

August; SON: September, October, November
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(Commonwealth Scientific and Industrial Research
Organisation, Australia) and GISS-ER (Goddard In -
stitute for Space Studies, NASA, USA), as well as
NCEP/NCAR reanalysis data.

This model was used by Cheng et al. (2008) in their
study of daily climate scenarios in south-central
Cana da, Sunyer et al. (2012) in assessing a regional
climate model based on ECHAM5 for extreme pre-
cipitation estimation in Copenhagen and Gutiérrez
et al. (2013) in assessing statistical downscaling tech-
niques in Spain. Like any other GCM, ECHAM5 has
limited use in modelling processes at a finer resolu-
tion, which is mainly required for hydrological im -
pact assessments. Therefore, it is necessary to con-
duct spatial downscaling.

2.3.  Data

A statistical downscaling model usually relies on
2 types of data, which are the predictand (to be pre-
dicted) and predictors (to predict). Locally observed
climate variables, such as temperature or precipita-
tion, are typically used as the predictand. The predic-
tand for the current study consisted of observed pre-
cipitation data from 1961 to 2010, obtained from the
Kuching Airport rainfall gauge station. The data was
divided into 2 subsets: 1961 to 1990 for training and
1991 to 2010 for cross-validation. It should be noted
that the subset data used for cross-validation should
not be included in the input during the training
stage, else all solutions are given to the ANN and
there is no point in evaluating the results. The MAT-
LAB ANN toolbox was used as the operating plat-
form for BatNN.

It should be noted that reanalysis data were not
used in the present study due to lack of data for the
studied area. This method can be classified as a
model output statistics (MOS) approach (Maraun et
al. 2010). The MOS method involves approaches that
develop empirical relationships between the ob -
served predictand and large-scale predictors pro-
duced by climate models. GCM control runs have
been applied for spatial downscaling by Conway et
al. (1996), Semenov & Barrow (1997), Sailor et al.
(2000), Wilby & Wigley (2000), Huth et al. (2001), Frei
et al. (2006) and Schoof & Robeson (2015).

Predictors consist of large-scale climate variable
data, typically generated by GCMs. In the present
study, predictors from ECHAM5 were downloaded
from IPCC. The downloaded data consist of a
‘20C3M’ simulation of 20th century climate from
1961 to 2000, and SRES A2, A1B and B1 projections

of large-scale predictors for 2001 to 2100. All down-
loaded predictors are represented in monthly aver-
aged values. Preliminary correlation tests between
predictors of these scenarios for 2001 to 2010 showed
that SRES A2 had slightly better correlation with the
precipitation in Kuching. SRES A2 was found to be
better at reproducing the mean higher intensity pre-
cipitation compared to A1B and B1, and was there-
fore chosen as the representative scenario for Kuch-
ing. As a brief background on SRES A2, this emission
scenario is known as the worst case scenario for
future climate change as it follows a path of increas-
ing carbon dioxide (CO2) throughout the 21st cen-
tury. Further details of SRES A2 and other scenarios
have been documented by Nakicenovic & Swart
(2000).

A list of available predictors, as well as their
respective correlation with local observational pre-
cipitation, is shown in Table 1. Note that some pre-
dictors do not contain data for the study area, and
are therefore omitted from the list. As there were
18 types of predictor available for the current study
site, it was crucial to analyse the correlations be -
tween the pre dictors and local precipitation because
selecting predictors with high correlation as input
can reduce ‘noise’ within the model (Gorp et al.
1998). Screening of predictors based on correlation
with the local climate has been performed by
researchers in different regions, most notably Wilby
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ECHAM5 predictors r p
Code Description

pr Precipitation flux −0.151 0.001
hur850 Relative humidity at 850 hPa −0.544 0
hur500 Relative humidity at 500 hPa −0.114 0.013
hur200 Relative humidity at 200 hPa −0.544 0
ts Surface skin temperature 0.624 0
tas Air temperature at 2 m 0.624 0
uas Zonal wind speed 0.024 0.593
vas Meridional surface wind speed −0.275 0
ta850 Air temperature at 850 hPa 0.614 0
ta500 Air temperature at 500 hPa 0.583 0
ta200 Air temperature at 200 hPa 0.545 0
ua850 Zonal wind at 850 hPa 0.171 0
ua500 Zonal wind at 500 hPa 0.001 0.68
ua200 Zonal wind at 200 hPa 0.075 0.1
psl Air pressure at sea level 0.067 0.143
va850 Meridional wind at 850 hPa −0.350 0
va500 Meridional wind at 500 hPa 0.134 0.03
va200 Meridional wind at 200 hPa 0.077 0.09

Table 1. Correlation coefficient, r, and p-value of ECHAM5 
20C3M predictors
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et al. (2003, 2006), Diaz-Nieto & Wilby (2005), Hay-
lock et al. (2006), Wetterhall et al. (2006), Wilby &
Harris (2006), Fowler & Wilby (2007), Dibike et al.
(2008), Hashmi et al. (2011) and Wilby & Dawson
(2013). In addition, the use of too many predictors
often results in overfitting (Kuligowski & Barros
1998). A p-value test with a significance level of
0.05 was used in order to determine the significance
of the correlation test results.

Table 1 gives the correlation coefficient, r, and
the p-value for a list of available predictors for the
ECHAM5 model. A negative r value signifies that the
predictor is inversely correlated with precipitation
in Kuching. Based on the correlation test results, it
was decided that predictors with r > 0.4 and p < 0.05
would be used as input. In this case, they were ts, tas,
ta850, ta500, ta200, hur850 and hur200. Along with
the se lected predictors, monthly precipitation series
from the same period (1961 to 1990) were included as
the input for training ANN models.

The precipitation predictor of ECHAM5 20C3M
(pr) was found to be unable to capture the charac-
teristics of the local precipitation. Fig. 4 provides a
 profile of the precipitation simulated by ECHAM5
20C3M (denoted as ‘pr’) along with the observed
precipitation from Kuching (denoted as ‘OBS’)
from 1961 to 2000. There are several important
features shown in the figure. (1) Monthly pr has
an overall higher mean compared to OBS. (2)
pr underestimates sev eral extreme precipitation
events. (3) pr has higher minimum and lower max-
imum precipitation than OBS. (4) OBS shows a dis-
tinct wave-like pattern in the form of continuous
‘U’ shapes, while pr does not describe such a pat-
tern. Hence, pr is not a good predictor of Kuching
precipitation.

2.4.  Spatial downscaling approach using BatNN

This paper proposes BatNN as a method of spatial
downscaling. It is a combination of an ANN and the
bat algorithm (BA), where BA is used as the optimisa-
tion method for the ANN training. In order to validate
the feasibility of BatNN and its advantages over the
traditional ANN downscaling model, a benchmark,
SCGNN, was used. SCGNN is based on the conven-
tional scaled conjugate gradient optimisation algo-
rithm. The workflow of spatial downscaling using the
ANN is illustrated in Fig. 5. The input for the down-
scaling models are the predictors selected in Section
2.3 and observed precipitation data from Kuching for
1961 to 1990. This 30 yr period has been used widely
in climatological applications as the reference or
base period. A 30 yr period is able to capture most of
the interannual and short time-scale variability
within the climate system (IPCC 2011). In addition,
the 1961 to 1990 period generally has good observed
data (IPCC 2011).

The trained models were tested for their prediction
accuracy by comparing their simulation to actual pre-
cipitation from 1961 to 1990. During this process, the
optimal configuration settings for each downscaling
model was determined via trial and error. If the
results of a particular model were not satisfactory, the
model was trained again with some adjustment made
to its parameters, such as increasing or decreasing
the number of hidden nodes (HN). The term ‘satisfac-
tory’ refers to results that are not too far off from the
results of other models.

In order to assess the prediction accuracy of each
downscaling model, predicted precipitation outside
of the training range was compared with observed
precipitation. This validation process was conducted
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Fig. 4. Normalised observed (OBS) and ECHAM5 20C3M-produced (pr) monthly precipitation in Kuching from 1961 to 2000
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for 1991 to 2010. Finally, the trained models were
inputted with large-scale projections of future cli-
mate variables in order to predict future precipita-
tion. The predicted precipitation was then temporally
downscaled to obtain precipitation series of shorter
duration.

2.4.1.  Bat algorithm (BA)

BA was originally developed by Yang (2010). The
simplified BA can be downloaded from www.  
mathworks. com/matlabcentral/fileexchange/37582-bat-
algorithm--demo-. It should be noted that the original
version is not incorporated as a training algorithm for
ANNs, but has been implemented as such in this
study. The main idea behind the algorithm is the
echolocation ability of bats for communication, navi-
gation and predatory purposes. As bats live in dark
areas, they rely on soundwaves or sonar to navigate
around obstacles as well as to determine the size of
objects (Richardson 2008). When encountering small
prey, bats will raise the frequency of their sonar and
reduce its loudness to a constant minimum (Møhl
1988, Surlykke et al. 2009). The following rules were
used by Yang (2010) in developing the algorithm:

(1) Bats use echolocation to sense distance and
have the ability to differentiate between prey and
obstacles.

(2) Bats fly with random velocity (vi) at position (xi).
Their sonar has a fixed minimum frequency (fmin) with
varying wavelength (λ) and loudness (Ai) when
searching for prey. Bats have the ability to adjust their
sonar frequency and the rate of pulse emission (Ri) in
relation to the proximity of their target. Normally, Ai

will decrease as the bat gets nearer to its prey; while
R increases to improve its accuracy (Lin et al. 2012).

(3) The loudness of sonar is assumed to vary from a
large A0, to a minimum but constant Amin.

The behavioural pattern of bats can be expressed
as a pseudo-code (Fister et al. 2013):
1 Objective function f(x), x = (x1, …., xd)T

2 Initialise bat population xi and vi for i = 1..n
3 Define pulse frequency Qi ∈ [Qmin, Qmax]
4 Initialise pulse rates, Ri, and loudness, Ai

5 While (t < Tmax) // number of iterations
6 Generate new solutions by adjusting frequency
7 Update velocities and locations/solutions
8 If (rand(0,1) > Ri)
9 Select a solution among the best solutions

10 Generate a local solution around the best  solution
11 End if
12 Generate a new solution by flying randomly
13 If (rand(0,1) < Ai and f(xi) < F(x))
14 Accept the new solutions
15 Increase Ri and reduce Ai

16 End if
17 Rank the bats and find the current best
19 End while

BA has been applied in almost every area of opti-
misation, classification, image processing, feature
selection, scheduling and data mining (Yang 2013).
The algorithm is capable of efficiently  solving nonlin-
ear problems and finding optimal solutions (Yang
2011, 2012, Yang et al. 2012, Yang & Gandomi 2012).
Musikapun & Pongcharoen (2012) and Ra mesh et al.
(2013) have found BA to be superior in multi-
 scheduling problems and combinatorial optimisation,
respectively. In the field of imagery processing, a
study on full-body human pose estimation by Abdel-
Rahman et al. (2012) concluded that BA is better than
particle swarm optimisation (PSO), particle filter (PF)
and annealed particle filter (APF). As BA has yet
to be incorporated into climatological studies, this
paper intends to bridge the gap by utilising BA for
statistical downscaling of climate variables.

2.4.2.  Modifications to BA

The original BA fixes Ri and Ai at 0.5 throughout
the training process. Such a simple approach does
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Fig. 5. Workflow for spatial downscaling using an artificial 
neural network (ANN). GEV: general extreme value
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not encompass the full extent of the predatory behav-
iour of bats. Therefore, Ri has been modified to be
low enough, while Ai has been set to be high enough
during the initial stage to fully exploit the search
space. As more iterations pass, Ai gradually de -
creases while Ri increases in order to perform a local
search. This emulates the predatory pattern of a bat,
where it emits soundwaves, via screeches, with
noticeable loudness but at a lower pulse rate to navi-
gate and seek out prey. Once prey has been identi-
fied, the bat emits nearly inaudible soundwaves at a
considerably higher pulse rate in order to pinpoint its
prey and hunt. Eqs. (1) and (2) are simple mathemat-
ical representations for the processes of Ri and Ai,
where both parameters automatically update them-
selves as the bat gets nearer to the prey (desired
solution):

Ri = 1 – (0.9 exp[–αin]) (1)

Ai = 0.9 exp(–αin) + 0.1 (2)

where α = velocity factor and in = nth iteration (n =
1,2,3….).

In the present study, the velocity factor, α has been
set to 0.001. It is a control parameter used to deter-
mine the rate of change for Ai. Higher α will lead to
faster change of Ai, while lower α will lead to slower
change of Ai.

In addition, Lévy flight was implemented to gener-
ate new random solutions, as opposed to the random
solution generation mechanism of BA, shown in Line
12 of the pseudo-code. The benefits of Lévy flight
have been studied by Viswanathan et al. (1996). In
general, the mechanism helps to reduce the proba-
bility of returning to previously visited solutions,
hence avoiding ineffectual searches and increasing
the convergence rate. Above all, the modifications
presented here will enable the algorithm to self-
update the 2 controlling parameters based on the
predatory behaviour of bats.

2.4.3.  SCGNN as benchmark

In order to evaluate the feasibility of the pro-
posed BatNN method, we used an alternative
ANN that employs a scaled conjugate gradient
(SCG) optimisation algorithm as the benchmark.
This algorithm is a built-in feature of the MATLAB
ANN toolbox. The SCG algorithm is a form of the
gradient-descent method with the advantage of a
faster convergence speed than the normal gradient
descent, as it uses a step-size scaling technique to
avoid line searching during iterations, which nor-

mally requires a lot of time (Møller 1993). It is
commonly used as the learning algorithm for ANN
training due to its simplicity and low resource con-
sumption. Furthermore, SCG is not controlled by
any particular parameter, hence does not require
supervision or parameter manipulation. However,
like all gradient-descent methods, the major flaw
of this method is the tendency to be trapped within
local optima, especially for problems with multi-
plane error surfaces.

2.4.4.  Goodness-of-fit evaluations

There are various goodness-of-fit measuring
metrics used by statistical modellers to determine
the accuracy and efficiency of a particular model.
However, each has its own weaknesses. For exam-
ple, mean square error (MSE) and root mean
square error (RMSE) tend to place heavier weight
on large outliers due to the mathematical proce-
dure of squaring errors, thereby influencing the
total error of sample data. One plausible way of
making allowance for the inherent weaknesses of
accuracy metrics is to in clude >1 evaluation
method. As such, in this study, the evaluations
used to measure the accuracy of each model are
the correlation coefficient, otherwise known as
Pearson’s product moment correlation coefficient
(r), RMSE, mean absolute error (MAE), mean bias
(MB) and the Nash-Sutcliffe model efficiency coef-
ficient (E). Formulas for these evaluation metrics
are as follows:

(Ideal = 1.0 or −1.0) (3)

(Ideal = 0.0) (4)

(Ideal = 0.0) (5)

(Ideal = 0.0) (6)

(Ideal = 1.0) (7)

where N is the total number of data, Oi = observed
values, Si = predicted values and Ō i = mean of
observed values
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2.5.  Temporal downscaling using the scaling-
 general extreme value method

Traditionally, IDF curves are constructed by fitting
probability distributions onto annual maximum pre-
cipitation (AMP) series or partial duration series
(PDS). However, the drawbacks of such methods are
the fitting of distribution and estimation of para -
meters for different return periods as well as the
extra polation of results into different durations (e.g.
30 min, 1 h, 3 h). Work by Nguyen et al. (2002) and
Willems & Vrac (2011) has described the scale invari-
ance of precipitation, which uses a simple scaling
approach to temporally downscale sub-daily precipi-
tation from daily precipitation series. A scale invari-
ance property means that precipitation properties
are related to each other by a simple ratio (Gupta
2004). Essentially, the method is an application of a
scaling parameter to the general extreme value
(GEV) to estimate extreme precipitations for sub-
daily duration (e.g. 30 min and 1 h). In the present
study, a scaling-GEV approach was adopted to
obtain future sub-daily precipitation from forecasted
daily extreme precipitation series simulated by
BatNN. The following paragraphs detail the proce-
dure and equations related to scaling-GEV.

In general, GEV distribution corresponding to a
return period τ can be expressed as:

(8)

where Xτ = GEV distribution of return period τ, p =
probability of exceedance and α, κ and ξ are the loca-
tion, scale and shape parameters, respectively.

Through the derivation of non-central moments
(NCMs) of the GEV distribution shown below, it is
possible to approximate the 3 GEV parameters
(Nguyen et al. 2002):

(9)

where k = order of NCMs (k = 1,2,3) and Γ = gamma
function.

The relationship between the NCMs of the GEV
distribution and the variable x can be expressed as:

μk = α(k)xβk (10)

where α(k) = E{ƒk(1)} and β(k) = βk for simple scaling.
The assumption that the precipitation process is a

simple scaling function is valid when the log-log plot
of NCM versus duration is linear. Otherwise, the
 precipitation process is assumed to consist of multi-

scaling functions (Gupta & Waymire 1990) in which
the log-log plot will display a non-linear function.
The slope of the linear function is known as the scal-
ing exponent, β. Additionally, if there are 2 values of
β, this means that the precipitation process displays
2 scaling behaviours. The point where the 2 scales
meet is identified as the break-point. Finally, the
linking of larger duration t to smaller duration λt can
be achieved by the following equations (Nguyen et
al. 2007):

κ(λt ) = κ(t )
α(λt ) = λβα(t ) (11)
ξ(λt ) = λβξ(t )

Xτ(λt ) = λβXτ(t )

where λβ is a simple scaling ratio obtainable through
the division of the first order NCM of durations t and
λt. Using the scaling-GEV method discussed in this
section, forecasts of future daily AMP can be down-
scaled to sub-daily AMPs.

3.  RESULTS AND DISCUSSION

3.1.  Performance of BatNN

To obtain a final agreeable result, 100 simulation
runs for both BatNN and SCGNN were carried out
and recorded. The results presented in this section
are the mean of these 100 simulations. Both ANN
models were trained using 100 hidden nodes, 1000
iterations and a learning rate of 1. During the experi-
ment, it was found that although SCGNN was faster
in terms of convergence speed, it tended to either
overfit or become trapped within a local optimum
point. By contrast, BatNN could avoid local optima as
it has the ability to conduct a global search (refer to
Lines 12 to 14 of the BA pseudo-code in Section
2.4.1). This global search feature allows BatNN to
abandon local optimum points when a new solution
with better performance is found.

Table 2 shows the goodness-of-fit between BatNN
and SCGNN predicted precipitation for 1991 to 2000
and 2001 to 2010. Both models showed comparable
r-values. BatNN displayed better RMSE, MB and
E-values compared to SCGNN. During simulation
runs of SCGNN, about 67% of the results were dis-
carded due to premature termination of training by
the model. This is because SCGNN was constantly
trapped within local optima, thereby causing the
solution to converge prematurely.

Fig. 6 shows the QQ-plots of predicted against
observed mean monthly precipitation for the 2 de -
cades 1991 to 2000 and 2001 to 2010. It can be seen
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that both models were able to predict, with accept-
able accuracy, precipitation events of lower intensity.
However, BatNN and SCGNN showed underestima-
tion of higher intensity precipitation, especially on
the extremes. The underestimation was more pro-
found in SCGNN. This can be attributed to the para-
meterisation schemes employed by the underlying
GCM (Maraun 2012, 2013).

3.2.  Predicted future precipitation and IDF curves

A dataset of 100 daily precipitation series for Kuch-
ing from 1961 to 2010 were simulated by BatNN
based on ECHAM5 SRES A2. The average values
were extracted to represent the final simulated daily
AMP, as shown in Fig. 7. The simulated daily AMP
displayed good agreement with ob served daily AMP,
as is evident in the QQ-plot shown in Fig. 8. How-
ever, there was a slight under estimation, of about
16.9 mm, of the most extreme precipitation event.
The observed extreme was 485.4 mm while the
 simulated extreme was 468.5 mm.

3.3.  Temporal downscaling through the scaling-
GEV approach

In order to examine the scaling properties of the
AMP in Kuching, analyses were conducted on the
first 3 orders of NCMs. The log-log plot for Kuching
(Fig. 9) shows the scaling relationships for all dura-
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Downsca. Validation r RMSE MAE MB E
model period

BatNN 1991−2000 0.97 1.38 1.19 −0.37 0.88
2001−2010 0.95 2.02 1.7 −0.81 0.87

SCGNN 1991−2000 0.94 1.73 0.4 −0.1 0.82
2001−2010 0.96 2.08 1.39 1.2 0.86

Table 2. Goodness-of-fit for BatNN and its benchmark,
SCGNN (scaled conjugate gradient neural network), for
1991 to 2000 and 2001 to 2010. RMSE: root mean square
 error; MAE: mean absolute error; MB: mean bias; E: Nash-

Sutcliffe model efficiency coefficient

Fig. 6. QQ-plots of predicted against observed mean monthly precipitation from 1991 to 2000 and 2001 to 2010, simulated by 
(a,c) BatNN and (b,d) SCGNN (scaled conjugate gradient neural network)
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tions. It can be observed that the NCMs display 2 dis-
tinct linear trends between 30 min and 1 h; and be -
tween 1 and 24 h, which implies that the AMP at
these different time scales can be described in linear
terms. In addition, the linear relationship of the scal-
ing exponent, β(k) and the order of NCMs shown in
Fig. 10 confirmed that the Kuching AMP quantiles
from different durations can be estimated through
the scaling-GEV approach.

In order to evaluate the feasibility of the NCM GEV
and scaling-GEV methods, QQ-plots of AMP quan-
tiles estimated using the Gumbel, NCM GEV and
scaling-GEV methods, respectively, were plotted
against observed AMP quantiles from different dura-
tions for Kuching in 1961 to 1990 . The Gumbel distri-

bution has been used in Kuching for flood risk analy-
ses and assessments (Daud et al. 2002, Ibrahim 2004).

As shown in Fig. 11, the NCM GEV and scaling-
GEV methods are comparable to the Gumbel distri-
bution method for AMP quantiles under 24 h. In par-
ticular, the Gumbel and NCM GEV methods were
found to underestimate extreme precipitation, while
scaling-GEV showed overestimation of ex tremes for
AMP quantiles under 24 h (Fig. 11a−e). For AMPs
over 24 h, the NCM GEV method displayed the ten-
dency to underestimate precipitation of higher in -
tensity, while overestimating precipitation of lower
intensity, as shown in Fig. 11f,g. On the other hand,
the scaling-GEV method displayed overestimation of
higher intensity precipitation and underestimation of
lower intensity precipitation. The Gumbel distribu-
tion showed a ‘middle-of-the-road’ performance.

3.4.  Projections of future AMP and IDF curves

Fig. 12 shows the plots of AMP series for the 2020s,
2050s and 2080s. It can be seen that the predicted
future AMPs showed a slight in crease in intensity for
precipitation <350 mm. For precipitation intensities

83

Fig. 7. Quantile plot of BatNN-downscaled daily annual
maximum precipitation (AMP) and observed daily AMP in 

Kuching from 1961 to 2010

Fig. 8. QQ-plot of simulated daily annual maximum precipi-
tation (AMP) against observed daily AMP in Kuching from 

1961 to 2010

Fig. 9. Log-log plots of the first 3 orders of non-central 
moments (NCMs)

Fig. 10. Plot of scaling exponent β(k) versus order of non-
central moments (NCMs)
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>350 mm, higher extreme values were predicted,
especially during the 2080s where the extreme pre-
cipitation was 19% more than during the 1970s.
Overall, this result is consistent with the simulated
precipitation change compiled by IPCC (2013) in
AR5, where the average precipitation increase
within the region is in the range of 0 to 10%, as fore-
casted by an ensemble of 39 models. Fig. 13 shows

the predicted future IDF curves for the 2020s, 2050s
and 2080s, respectively. The curves were constructed
using simulated daily AMP series and the scaling-
GEV method discussed in Section 2.5.

A comparison of trend changes in the predicted
future IDF curves for each return period is shown in
Fig. 14. It can be seen that the curves for the 2020s,
2050s and 2080s are closely matched to each other,

84

Fig. 11. Quantile plots of annual maximum precipitation
(AMP) for durations of (a) 1 h, (b) 3 h, (c) 4 h, (d) 6 h, (e) 12 h,
(f) 48 h and (g) 72 h, estimated using the Gumbel, non-cen-
tral moment general extreme value (NCM GEV), and scal-
ing-GEV methods, based on precipitation in Kuching from 

1961 to 1990
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implying that there will not be any
major shift in precipitation trend dur-
ing these periods. When compared to
the curves of the 1970s, there is a
clear upward shift in all future aver-
age recurrence interval periods, which
signifies higher precipitation intensity.

4.  CONCLUSIONS

The present study proposes a
 spatial-temporal downscaling ap -
proach to solve the problem of pre-
dicting future precipitation in space
and time. For spatial downscaling, the
bat neural network (BatNN), a down-
scaling tool which combines an artifi-
cial neural network (ANN) and the
bat algorithm (BA), is proposed. Its
role is to downscale global climate
predictors of GCM into local-scale
 climate conditions via a regression
method. This was done by training
the proposed model with observed
precipitation and GCM predictors
from 1961 to 1990. The trained model
could then make predictions relating
to future local precipitation by down-
scaling future GCM predictors.

The studied site is Kuching, where
the annual total precipitation volume
is >4000 mm. ECHAM5 SRES A2 was
selected as the predicting emission
scenario for this study. In order to
evaluate the feasibility of the pro-
posed downscaling model, predic-
tions by BatNN and its benchmark
SCGNN for precipitation in 1991 to
2010 were compared. The compari-
son revealed that BatNN has better
predicting accuracy than its bench-
mark. However, both models dis-
played underestimation of higher
intensity precipitation. The under -
estimation was more profound in
SCGNN. It is important to note that
BatNN holds an advantage over
SCGNN because it does not share the
weakness of this traditional gradient-
descent optimisation method, which
has been reported to be vulnerable to
local optima trappings.
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Fig. 13. Intensity-duration-frequency (IDF) curves for the 2020s, 2050s and 
2080s based on ECHAM5 SRES A2
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Fig. 12. Quantile plots of annual maximum precipitation (AMP) in the 1970s
and BatNN-predicted AMPs for the 2020s, 2050s and 2080s based on 

ECHAM5 SRES A2
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The scaling-GEV approach is proposed for tempo-
ral downscaling. This approach is based on the con-
cept of scale-invariance between daily and sub-daily
precipitation quantiles, in which the statistical prop-
erties of the GEV distributions between the 2 time
scales can be related via a simple scaling technique.
It was found that the Kuching daily precipitation

series had a simple linear relationship with its shorter
and longer duration (1 to 72 h) precipitation quan-
tiles. This approach was evaluated and found to be in
good agreement with the currently used Gumbel dis-
tribution method.

Finally, future IDF curves for Kuching were pro-
jected for the 2020s, 2050s and 2080s using ECHAM5
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Fig. 14. Comparison of IDF curves for the 2020s, 2050s and
2080s for each average recurrence interval (ECHAM5 

SRES A2)
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SRES A2 predictors. The predicted AMP at the stud-
ied site was found to be generally higher than that of
the base period (1961 to 1990). Furthermore, the pro-
jections revealed that there will be higher extremes,
approximately 19% higher than the extremes found
in the 1970s. An important point to note regarding
precipitation forecasting is that it is sensitive to the
bias of the underlying GCM (Wilby & Wigley 1997)
and normalisation of its predictors due to coarse res-
olution. For example, some local climate variables
and orography are averaged across a particular
GCM grid box, leading to underestimation of climate
characteristics (especially the extremes) of a particu-
lar local area. Consequently, GCMs have been re gar -
ded as incompetent in resolving circulation patterns
that involve hydrological extremes (Christensen &
Christensen 2003). It is also important to mention that
analysis from one particular GCM is not very robust,
and future work will attempt to incorporate more
GCMs and even RCMs. Other GCMs were not in -
cluded in this analysis as the objectives of this study
were the development of BatNN for spatial down-
scaling of precipitation and the construction of future
IDF curves in the context of climate change.

The findings of this study show that the proposed
spatial-temporal downscaling method can be used as
an alternative tool for estimating future precipitation
trends under climate change scenarios. It is hoped
that the present study can provide valuable insights
for policymakers regarding the impact of climate
change in urban areas. For further research, other
metaheuristic algorithms, such as firefly and bee
colony, can be adapted into ANNs. Moreover, the
proposed BatNN and scaling-GEV can also be
adapted for the prediction of other climate variables,
such as temperature, humidity and sea level pres-
sure, and for use in other regions.
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