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Statistical Approach to Selecting Global Circulation
Models (GCMs) - A Study Based in the Kalu Ganga

Catchment of Sri Lanka

Mananjaya Balasooriya and Panduka Neluwala

Abstract: This study proposes a two-stage Global Circulation Model (GCM) selection approach
that evaluates the performance of CMIP5 GCMs in simulating past rainfall for the Kalu Ganga
catchment in Sri Lanka. In the initial selection, GCMs were screened based on their ability to replicate
monsoonal rainfall patterns using data from the Global Precipitation Climatology Project (GPCP). The
fine selection involved bias-corrected GCM simulations at the catchment scale across three rainfall
categories—extreme events, normal rainfall, and no-rain days—validated against the Asian
Precipitation Highly Resolved Observational Data Integration Towards Evaluation (APHRODITE)
dataset. Several statistical performance indicators (Pls) were used to assess GCM performance at both
stages, and Multi-Criteria Decision-Making (MCDM) techniques were applied to rank the GCMs
accordingly. The results indicated that CanESM?2 is most suitable for simulating extreme rainfall events,
CNRM-CMS for normal rainfall, and either CanESM2 or CNRM-CMS5 for no-rain days. This highlights
that no single GCM performs optimally across all rainfall categories, and researchers should select
GCMs tailored to their specific focus on future rainfall extremes, flood risk, or drought analysis.
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1. Introduction capable of modelling past rainfall [35]. A few
' studies in the South Asian region involving
The adverse effects of climate change are GCM simulations have selected GCMs based on

numerous, 1r}clud1ng global warming, Fhanges the availability of comprehensive datasets
in hydrological systems, alterations in crop relevant to their specific modelling objectives
yields, and impacts on animal species’” habitats [7,11, 22, 29], while other studies have selected
[40]. These macroscopic climate changes could GCMs based on their ability to reproduce

affect the hydrological regime at the catchment meteorological parameters accurately [20, 24].
level [33]. To study the foreseeable impacts of

such climate change, it is essential to have an The ability of GCMs to simulate past rainfall and
understanding of future rainfall projections that temperatures has been evaluated using
could lead to devastating floods [37]. Global performance indicators [7, 26], and various
Circulation Models (GCMs) are used as tools to methods have been employed to rank GCMs
forecast future climatic parameters, such as based on their performance according to these
rainfall  [13, 23]. The Coupled Model indicators [34]. Each performance indicator has
Intercomparison Project Phase 5 (CMIP5), its own inherent strengths and weaknesses; as a
developed for the Intergovernmental Panel on result, the evaluation criteria of GCM
Climate Change (IPCC), has brought together performance differ among indicators. For
more than sixty different GCMs designed to example, using a single performance indicator
generate future climate parameters to support for an absolute comparison between two
sustainable climate resilience decisions [32]. variables is unacceptable. The ranking methods
With the limitations of the available data in used in GCM selection studies range from
mind, a suitable GCM or ensemble of GCMs simple to statistically advanced, often involving
should be wused to conceptualize the multiple stages of calculation [14]. In addition,
hydrological impacts within the local context the selection of GCM under different criteria
[34]. Selecting an appropriate GCM from the with mean and projected extreme rainfalls has
CMIP5 ensemble is challenging, given their been attempted [17].
limitations in geophysical accuracy when
applied to regions other than those for which the Eng. Mananjaya Balasooriya, AMIE(SL),
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When GCMs are selected based on their ability
to model the past, the use of past climatological
data is often required in the assessment of a
GCM’s performance [17]. The use of gridded
rainfall data could minimize the data cost but
does not compromise the pool of data that can
be accessed [3, 26]. APHRODITE rainfall data is
made from ground observation rainfall records,
and on the grid scale, Sri Lanka belongs to the
Monsoonal Asia subdomain and has rainfall
data at 0.25° grid intervals [38]. APHRODITE
has been proven to be a better gridded rainfall
dataset in parts of South-East Asia [23] and most
of the Asian region except the Tibetan plateau
[31], but evidence of its use for studies in Sri
Lanka is lacking. In contrast, GPCP data has
both land and ocean coverage due to its ability
to reproduce satellite data inputs into gridded
precipitation; as a result, a larger area for small
islands comprising land and its surrounding
ocean can be used for analysis [1].

CMIP5 web index is commonly used in studies
as the source of GCM simulations [7, 11, 35].
Data Integration and Analysis System (DIAS) is
an online application which can be used to
obtain GCM simulations [32], where the GCM
simulations can be compared with historical
reference data, thus enabling GCM selection to
be easier for the intended region without the
need to download and process large datasets
[24]. DIAS-CMIP5 uses bias correction based on
rainfall classification into extreme, normal, and
wet day rainfalls [32], since raw GCM
projections would not be ideal for comparison
with observed data as these could deviate due to
systematic errors and deficient geophysical
characteristics included during  their
development stages [21, 44]. This makes bias
correction of GCM projections an integral part of
climate change and impact analysis since GCM
outputs are unmatched at the local scale by their
nature [16]. In contrast to dynamic methods,
statistical downscaling can reasonably preserve
spatial and temporal relationships over a region
since the downscaling approach is based on
historical observations [24]; when historical
climatological ~parameters are wused for
downscaling, this approach can be used as a
method of bias correction in GCM outputs [30].
Compared to other statistical techniques, the
quartile-based mapping method on cumulative
distribution functions has been tested and used
in many studies as a robust method of bias
correction [10, 15, 44].

Based on the bias correction method developed
under DIAS, this study categorizes rainfall as
Wet Day Rainfall (WDR), No Rainy Days (NRD),
and Extreme Rainfall Events (ERE) using rainfall
thresholds. WDR is defined as normal rainfall

received between the extreme rainfall and no
rain thresholds, excluding extreme events and
dry days of a particular month. Thevakaran [27]
stated that the 99th percentile of each year's
rainfall distribution would be more appropriate
for defining extreme rainfall, and a minimum
crop water demand of 1 mm could be the
threshold for no rain. Burt and Weerasinghe [6]
identified a minimum of 5 mm of rainfall for a
wet day. However, using a fixed rainfall value as
the minimum threshold to split wet and dry
days would not be ideal for a GCM-simulated
distribution since these distributions carry bias
along with distorted distributions after
simulations.

It is seen that most GCM-based studies in the
region focus on selecting one GCM without
attempting to identify whether the selected
GCM can model future rainfall more precisely in
the three rainfall categories identified above. The
results of this study can be used to distinguish
whether differentiation of GCMs is required
when modelling extreme and normal rainfalls
and no rain days or whether a single GCM could
accommodate all three rainfall categories in the
catchment of interest. This would enable
researchers to prepare for more accurate rainfall
modelling in climate studies, such as floods or
droughts. In addition, several studies have
attempted to establish the possible impacts of
climate change on major river basins in Sri
Lanka but used arbitrarily chosen GCMs from
the CMIP archive [8, 42, 43], while a few other
studies also developed GCM selection methods
[20, 24]. In contrast, this study proposes a two-
stage GCM selection method based on gridded
precipitation data intended for the Kalu Ganga
basin, one of the most heavily flooded zones [9,
19] in Sri Lanka during abnormal monsoon
periods. The proposed methodology can also be
applied to other catchments with appropriate
modifications.

2.  Methodology

The initial selection was based on the GCMs’
applicability to the monsoonal rainfall pattern,
followed by the fine selection based on
catchment-level rainfall. For the latter, the
rainfalls were categorized and bias-corrected
accordingly, prior to the analysis to enable
different comparisons among the three
categories. Since the GCM selection was based
on gridded precipitation, spatial and temporal
data availability was critical in both the initial
and fine selections. The DIAS platform
(http:/ /www.diasjp.net/) was used to obtain
the GCM simulations of observed past rainfall,
while the historical daily rainfall data for the
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study area were obtained from GPCP for the
period 1979-2005 and from APHRODITE for the
period 1981-2001. The process is given in the
flow diagram shown in Figure 1.
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Figure 1 - Process Flow Chart

2.1 Initial Selection

Based on the temporal monthly distribution of
rainfall in the southwestern part of the island
due to the monsoonal climate, an obvious
pattern was identified and used as the basis for
the initial selection. The monthly rainy periods
were classified as Wet, Dry, Wet-Intermediate,
and Dry-Intermediate months.

e Peaksin May and October (Wet Months)

e Troughs in February and August (Dry
Months)

e Rising - March & April, September
(Wet-Intermediate Months)

e Declining - June & July, November-
January (Dry-Intermediate Months)

To demonstrate this monsoonal rain pattern, the
initial selection was carried out for the region
encompassing the island surrounded by the
Indian Ocean, including a larger domain
bounded by (79°E, 5.5°N), (81.5°E, 5.5°N),
(76.5°E, 8°N), and (81.5°E, 8°N), as shown in
Figure 2.
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Figure 2 - Initial Selection Grids

Since this selection included an area comprising
both land and ocean, GPCP precipitation data
were used as the observed dataset [22, 24].
Monthly precipitation data from GPCP forl the
intended area spanned from 1979 to
2005.Historical simulations of precipitation by
different CMIP5 GCMs for the period 1979 to
2005 and observed rainfall (GPCP) datasets were
compared for their compatibility using two
statistical Performance Indicators (Pls) given as
Eq. 1 and Eq. 2 under the eight individual
monthly periods identified above (May,
October, August, February, March-April,
September, June-July, November -January).

Root Mean Square Error

1
RMSE = ’;lev(xi_ yi)? (D)
Spatial correlation coefficient
Scorr = 2100 —Y) -(2)

YH=)2(vi-9)?
where x; and y; are the two variables, while X and
§ resemble their means. Based on the RMSE and
Scorr values obtained by each GCM, a filtering
criterion was introduced such that a particular
GCM would receive.

e amark of 1if and only if
RMSE <= RMSE_Average and
Scorr>= Scorr_Average,

e amark of -0.5if and only if
RMSE >RMSE_Average and
Scorr<Scorr_Average,
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In all other cases, the mark was 0. This criterion
was applied to all eight predefined time periods
of monthly rainfall variation patterns. The marks
for each GCM across all eight comparison steps
were summed to obtain a final score out of eight.
Based on this, the GCMs were ranked such that
those with higher scores received higher
rankings. GCMs that obtained a mark of 1 in at
least three criteria were initially selected to
proceed to the fine selection.

2.2 Fine Selection

The extent of the land mass of Sri Lanka is small,
but there is a high spatial and temporal variation
of precipitation [36]. The GPCP data availability
is in 2.5° grid intervals which can include half of
the island’s land mass (Figure 2). Therefore, a
further step of fine selection was needed that can
possibly demonstrate catchment specific rainfall
outputs. The analysis area of the Fine Selection
process is shown in Figure 3. Six grid points at
0.25° interval were selected as the representative
area of the catchment.
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Figure 3 - Fine Selection Grid

Fine selection of GCM together with the bias
correction is executed under three rainfall
categories such that Extreme Rainfall Events
(ERE), Wet Day Rainfall (WDR), No Rain Days
(NRD) based on set thresholds. A percentile
figure of 50% was set as the minimum rainfall in
which this criterion is further supported in the
propensity that as an average, Kalu Ganga basin
is in wet condition for a half year period. In
determining  the  extreme  precipitation
threshold, the 99t percentile is adopted where it
was determined out of the total dataset of the
analysis period (i.e., out of the whole 20 years
daily rainfall). The daily rainfalls in between the
99th and the 50th rainfalls of each simulated past
and observed past rainfalls were treated as
WDR. Rainfalls above the 99th percentile and
below the 50th percentile of each simulated past
and observed past rainfalls were treated as ERE
and NRD, respectively.

From AHRODITE data, daily precipitations at
0.25° grid intervals were obtained as the
observed dataset. The historical simulations of
CMIP5-DIAS are limited to the period from 1981
to 2000 hence the analytical period was set to 20
years. A statistical method of GCM selection was
developed in this study with the aid of previous
studies [25] which could be used for other
catchments as well.

The APHRODITE precipitation at one grid point
could be based on nearby in-situ precipitation
data stations with computations and absence of
rainfall records marked as zero rain days.
Therefore, to overcome this nature of
uncertainty the gridded rainfall data is averaged
and taken as the representative for the entire
catchment to be used in the GCM selection and
further analysis steps. However, for extreme
rainfall events the highest rainfalls from each
grid point of the catchment were taken into
consideration in order to avoid the extreme
rainfalls being underestimated when averaged.

2.2.1 Bias Correction of GCM Rainfall

The bias correction was done with respect to the
previously identified three rainfall categories.
For the bias correction step, a few changes were
adopted in this study compared to previous
studies [20]. These included the summing of
WDR to obtain Monthly Wet Day Rainfall
(MWDR), and the introduction of percentile
thresholds to select extreme events and no-rain
days. The latter helped to ensure that the
number of dry days and the number of extreme
events for the respective periods were kept equal
between the observed and simulated datasets.

2.2.1.1 Extreme Rainfall ERE Bias Correction
The Generalized Pareto Distribution (GPD) is
widely used in modelling the tails of rainfall
series. In this study, the extreme events of the
observed past and simulated past were
modelled using the same. The GPD parameters
were calculated separately for these two
distributions of extreme rainfall. Then, extreme
rainfall bias correction was applied using the
Quantile-Based Mapping method, as given by
the following Eq. (03) [10,44].

Xoem_corr = Fons(Fecm(x)) ...(3)

Xcem_corrds the bias-corrected rainfall and x is the
GCM simulated rainfall. F and F-! are the CDF
and inverse CDF respectively where the
subscripts Obs and GCM represent the observed
and GCM simulated subsets, respectively.

2.2.1.2 No Rain Days Correction

In the GCM-simulated rainfall data for the
historical period, a large number of rainy days
with low rainfall magnitudes were observed.
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This tendency is likely due to the detailed
parameterization schemes used in GCM
simulations [20]. To address this issue,
simulated daily rainfall values below the 50th
percentile (i.e., the no-rain day threshold) of the
observed daily rainfall distribution were set to
zero.

2.2.1.3 Wet Day Rainfall Correction

The Gamma distribution, given by Eq. (4), which
is widely used to model monthly rainfall
distributions [12,18], was employed to model the
Monthly Wet Day Rainfalls (MWDR) in this
study as well. Similar to the bias correction
applied to extreme rainfall using Eq. (3), the
historical simulations of MWDR were bias
corrected accordingly.

2.2.2 Comparison Analysis

The performance indicators given by Egs. (4)-
(9) were used to evaluate the relationship
between the observed rainfall and the GCM-
simulated, bias-corrected historical rainfall in a
head-to-head comparison.

Normalized Root Mean Square Error

JRZR0-y0)?
RMSD = ——F—

. 4)
Average Absolute Relative Deviation
— Iyn|YizXx
AARD = |37 [ .. (5)
Absolute Normalized Mean Bias Deviation
1¥Nyi-x)
X
Nash-Sutcliffe Efficiency Coefficient
— 1 ZiGioyp?
NSE = 1- 55220 . (7)
Pearson Correlation Coefficient
_ -0
¢t = (n=1)0ops0sim h (8)
Skill Score )
1 .
SS = ;Z'fmln o f) .9

where xjand y; are the two variables, while X and
yresemble the mean of the two variables.
OopsANd0sipy, are the standard deviations of the
observed and simulated variables. f,, and f; are
the frequencies of observed and simulated
variables in the groups of data.

Four out of the six performance indicators (Egs.
5-8) are measures of the deviations of the
simulated rainfall values from the observed
rainfall data. Both NRMSD and AARD quantify
the magnitude of these deviations, while
ANMBRD measures the direction of the
deviations. NSE represents the ratio between
two deviations. The Pearson Correlation

Coefficient (CC) evaluates the strength of the
linear relationship between the simulated and
observed rainfall, whereas the Skill Score (SS)
compares the probability distributions of the
two rainfall variables. For NRMSD, AARD, and
ANMBRD, lower values indicate better
performance, while for NSE, CC, and SS, higher
values closer to 1 are preferred.

The rainfall comparison was conducted at the
monthly scale to reduce the variability inherent
in daily rainfall data. Specifically, the sums of
extreme events, daily rainfall amounts, and the
number of no-rain days within each month were
compared between the observed and GCM-
simulated datasets for each GCM screened
during the initial selection.

If T GCMs were screened by the initial selection,
and L performance indicators were used to
evaluate their ability to simulate past rainfall,
this would result in a T x L matrix containing
numerous data points for analysis in the Fine
Selection process. Therefore, to simplify the
calculation process and rank the GCMs based on
their performance, an appropriate method was
required to aid the decision-making process for
selecting better-performing models. Multi-
Criteria Decision Making (MCDM) techniques
were therefore employed to generate a single
rank for each GCM based on their performance
indicators [25].

Applying these performance indicators within a
single function, i.e. using MCDM equations to
rank the GCMs requires assigning weighted
averages to each indicator. The weights for each
performance indicator were calculated using the
Entropy method, as described by Eqs. 10-13 [25].

The normalized value of indicator ‘j for GCM

‘7

a
kj(a)

o = k@ ...(10)
The entropy value of indicator ‘j’
En; = —ﬁzika,m (kaj) .. (11)
Degree of diversification
Dd; =1—En; (12)
Normalized weight of indicator
r = z?iiz,- *100% .. (13)

where ‘T" is the number of GCMs used for
analysis while ‘n” is the number of indicators
used for the analysis. Two different MCDM
techniques were used to evaluate whether both
the methods portray the same results.
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2.2.2.1 Compromise Linear Programming (CP)
A specialized distance function was used to
calculate the resultant distance of each
performance indicator from its ideal solution
[25]. This distance is minimized when the
performance indicators are closer to their ideal
values. The distances denoted by L,. were
computed using Eq. 14 for each GCM, and the
GCMs were ranked accordingly, with the lowest
Lya value receiving the highest rank.

Lpa = () r’lk; (@) — k; ") - (14)

where Ly, - Distance Measure Matrix of GCM a,
j — Number of indicators, rj- Weight assigned to
the indicator j, kja)-Normalized value of
indicator j for GCM a, kj- Normalized optimal
solution to the original problem, p - Parameter
1,2, ...:).

The performance indicators NSE, CC, and SS
have an ideal value of 1, whereas RMSD,
NRMSD, AARD, and ANMBD do not have
predefined ideal values. For these indicators, the
lowest value among the calculated results was
considered as the ideal solution, based on the
rationale that the decision-maker can define a
reference or ideal value [41]. In this context, the
deviation-based performance indicators (RMSD,
NRMSD, AARD, and ANMBD) were
transformed into their negative values, as the
compromise programming technique required
to identify the maximum value for each
indicator as the ideal solution.

2.2.22 Technique for Order Preference by
Similarity to an Ideal Solution (TOPSIS)

This technique evaluates both the distance to the
ideal solution (Proximal Distance) and the
distance from the anti-ideal solution (Separation
Distance). The resulting value is expressed as the
Relative Closeness of a model to its optimal
solution. The underlying principle is that the
optimal solution should have the shortest
distance to the ideal solution and the greatest
distance from the anti-ideal solution [39]. The
two Separation Distance matrices and the
resulting Relative Closeness values were
calculated for all GCMs, and the models were

ranked based on their CR,; values, with the
highest CR, receiving the highest rank.

Relative Closeness

DS,
CRy = 5=
(DSg+DSg)

...(15)
Separation Distance
DS} = \/zjﬁzlr-(f(j(a) — k)2 ... (16)

pS; = [Tl (K@ ~ K

.. (17)

whereDS - Distance matrix relative to the ideal
solution, DS, - Distance matrix relative to the
anti-ideal solution,K]-*—Normalized optimal

solution to the original problem,K;”-
Normalized anti-ideal solution to the original
problem and the other symbols are as defined

previously.

2.2.2.3 Group Decision Making

If the two MCDM techniques ranked the GCMs
in different orders, a Group Decision-Making
(GDM) approach was applied to derive a final
ranking [25]. A similar approach has been
followed using the frequency of occurrence
method [11].

The rankings from the two MCDM techniques
were analysed using the Group Decision-
Making (GDM) approach, and the Net
Strength(NS,) values were calculated for all
seven GCMs. This procedure was repeated for
each rainfall category. Higher Net Strength (NS,)
indicates suitable GCM.

Strength of GCM ‘a

Sty = ;cnzl ZJZC(X —z+ 1) qu - (18)
Weakness of a GCM ‘a’
We, = ;cnzl Z)ZC(Z -Y+ 1) qu - (19)
Net Strength of a GCM
NS, = St, — We, ... (20)
T ;T is an even number
X=42
3 4+ 1;T is an odd number

Y =X +1,q¥, =1if GCM a is in the position z
for the ranking technique k and 0 otherwise, T -
Number of GCMs, K-Number of Indicators.

3. Results

3.1 Initial Selection

In the initial selection step, the compatibility of
simulated precipitations from all GCM
ensembles in the CMIP5-DIAS database was
tested against the observed precipitation from
GPCP. The analysis region was selected by the
boundaries between the longitudes of 76.5°E,
83.5°E and latitudes of 4.5°N and 12°N, centring
the southwest region of the island and
encompassing the ocean.

Figures 4 shows the graphical outputs of daily
rainfall variation and Figure 5 shows the average
monthly rainfall around Sri Lanka in the Indian
Ocean, derived using the GPCP rainfall matrix
pertaining to the period from 1979-2005, which
were obtained from DIAS.

ENGINEER




77°

78°

=l

o

'y

w

N

@

~N

fo}

o

'y

79°  ggo  81° 82° 83°
October

Rain/
(mm)

77°

78°

N @ ke Ul g X O

79°  80°
February

81° 82° 83°

Rain/

77°  78°

79° 80° 81° 82° 83°
March-April

12°
11° Rain/
(mm)
10°
12
90
10
g
8
o
7 6
o
6 4
5° 2

77° 78° 79° 80° 81° 82° 83°
June -July

77° 78° 79° 81° 82° 83°
November - January

Figure 4 - Daily Rainfall Variation based on Time of the Year
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Figure 5 - Average Monthly Rainfall of the
Southwest Region

Based on the above results, it is observed that
during the first inter-monsoon period (March-
April), the average daily rainfall is between 4
and 4.5 mm, and in September, which is the last
month of the Southwest monsoon, it is 4.8-5.1
mm. During June and July, the average daily
rainfall stays between 3 and 4 mm, and in the
period from November to January, this increases
to 5 and 6 mm. November is one of the two
months in the second inter-monsoon and is
likely to have higher rainfall.

During the Northeast monsoon from December
to February, the Kalu Ganga catchment receives
less rainfall. Therefore, it can be observed that
the 6 mm average daily rainfall from November
to January has been heavily contributed by the
rainfall during November because of the second
inter-monsoon. The same pattern has been
identified by previous studies, with peaks in
May and October and minima in February and
August. However, in some rainfall stations, the
May peak was observed to be higher than the
October peak, in contrast to the results of other
studies [5]. GPCP-gridded rainfall may include
rainfalls outside the catchment boundary, as the
resolution is coarser.

3.1.1 Ranking of GCMs based on Performance
The tests were conducted for eight different
monthly rainfall configurations using two
statistical performance indicators: RMSE and
Scorr. The results of the initial selection are
presented in Table 6 which is given in the
Appendix. Following the allocation of marks in
the initial analysis, the range of marks that a
GCM could obtain was between -4 and 8. A
GCM with a total mark closer to -4 would be
unfavourable for modelling the monsoonal
rainfall pattern, whereas a GCM with a total
mark closer to 8 would be a preferable choice.
The range of marks that a GCM could obtain is
12, and the percentage for passing a GCM
through to the fine selection was set
discretionarily at 25%, i.e., GCMs with at least a
score of 3 were selected.

One GCM could have different ensembles based
on various conditions. The initial selection was
performed on each GCM ensemble, which
allowed a greater number of GCM ensembles to
be tested for compliance. Among all the
ensembles tested in the Initial Selection step, the
GCMs with ensemble rlilpl showed more
compatibility as given in Table 6. Therefore, it
was selected as the common ensemble for further
analysis in the Fine Selection. Some of the GCMs
that had no, or partial, rainfall data based on
future scenarios were not selected for the Fine
Selection to avoid the selection of GCMs with no
or limited capability for further analysis [7,29],
i.e,, though CanCM4 obtained the highest marks,
showing the best compatibility among all the
other GCMs, it did not hold daily precipitation
data for RCP 8.5 for the future scenario.

3.2 Fine Selection

Figure 6 shows the variation of mean monthly
precipitation from 1962-2007 at the six selected
grid locations under the Fine Selection step,
based on APHRODITE. The variation of
APHRODITE rainfalls is also similar to the
GPCP variation shown in Figure 4.
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Month
Figure 6 - Monthly Rainfall Variation at
APHRODITE Coordinates

It is observed that the grid locations 80.25, 6.5
and 80.25, 6.75, which are located downstream
of the Kalu Ganga, have the highest average
monthly rainfall throughout the year, while the
grid locations 80.5, 6.5 and 80.5, 6.75, located
upstream, have the lowest values with respect to
the peak rainfall of the catchment. For these
upstream locations of the Kalu Ganga, which are
above Ratnapura and closer to the central
mountains, rainfall station data [19] indicate a
higher rainfall reception compared to the
downstream areas. However, the APHRODITE
rainfall peaks show the opposite pattern, and a
similar scenario has been observed for rainfall
locations in Pakistan [4], where the
APHRODITE data underestimate observed
precipitation—especially in locations with
higher rainfall peaks—while a slight
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overestimation has been noted for locations with
lower rainfall. A similar characteristic of the
APHRODITE data has also been found in [31],
where the bias upstream is small and larger in
the floodplains. Therefore, to overcome these
inherent weaknesses, and depending on the
monthly variations in APHRODITE data, the
average rainfall for the total catchment was
taken for the forthcoming analysis.

3.2.1 Analysis of GCMs’ Performance

The Fine Selection is expected to provide better
screening at the catchment scale in order to
identify suitable GCMs that can simulate basin-
scale precipitation variations. This also indicates
which GCM simulations perform well after
downscaling to the catchment level. Seven
GCMs filtered in the initial selection were
carried through to the Fine Selection under three
categories: ERE, MWDR, and NRD. A total of six
performance indicators were used for the
statistical analysis in the Fine Selection process
for the analyses of ERE, MWDR, and NRD. The
calculated indicators under all three categories
are tabulated in Tables 1 to 3.

NRMSD, ANMBD, AARD, and NSE are
measures of deviation, with the lower margin
being the ideal value for all except NSE. The
ideal values for CC and SS are those with the
highest values.

Referring to Table 1, CanESM2 has achieved the

ideal values for NRMSD, ANMBD, AARD, and
SS—four out of the five tested PIs. This shows
that CanESM2 would be the most favourable
GCM among the rest for simulating ERE. The
ideal value for CC was obtained by CCSM4, and
one of the other GCMs were able to secure an
ideal value for any of the indicators. However,
the normalized weightage of CC and SS is quite
smaller relative to the others, which makes these
two Pls incapable of affecting the decision-
making process. The NSE figures for ERE
contained both positive and negative values;
hence, it was not used to calculate weightages.

Referring to Table 2, CESM1 (CAP) secured the
ideal values for NRMSD, AARD, and NSE, while
CNRM-CMB5 secured ideal values for ANMBD,
CC, and SS, although CNRM-CM5 showed an
anti-ideal solution for AARD. However, the
weightages of NRMSD, AARD, and SS are
negligible compared to the others. CNRM-CM5
securing ideal values for ANMBD and CC
accounts for a total weightage of 69%, while
CESM1 (CAP), having an ideal value for NSE,
has a weightage of 27%. This made the decision-
making process a little difficult but more
favourable to CNRM-CMb5. It is worthy to note
that the most favourable GCM selected for ERE,

i.e., CanESM2, has shown anti-ideal solutions
against all PlIs except for AARD under the
MWDR. This indicates that one GCM cannot
perform well for all rainfall patterns.

Referring to Table 3, CanESM2 secured ideal
values for NRMSD, NSE, and SS, while CNRM-
CM5 and CCSM4 secured ideal values for
AARD and CC, respectively. GFDL-ESM2M has
anti-ideal values for all PIs except CC, which has
been obtained by GFDL-ESM2G. The highest
weightage of 71% among the Pls is held by NSE,
and the ideal value for NSE has been obtained
by CanESM2, which indicates that CanESM2
would be a better GCM for modelling the NRD.

3.2.2 Ranking of GCM based on Performance
When the performance of GCMs is evaluated,
any single GCM has not secured the ideal
solution under all PI rather it is observed that
under each subcategory of fine selection,
different GCMs have performed in a varied
manner. Therefore, a further statistical test was
carried out to conclude based on the
observational results given above. Accordingly,
compromise programming (LP,) and TOPSIS
were adopted in the study to evaluate and rank
the GCMs according to their performance. The
ranks that GCMs obtained based on the above
two MCDM techniques are given in the Table 4.
It is seen that both the ranking methods have
given similar ranks under ERE and MWDR
rainfall categories.

3.2.3 Group Decision Making - Net Strength
(NSa) Values

Although the ranking techniques above gave
similar rankings to each other, the Net Strength
(NSa) values were calculated as outlined in the
methodology. NSa is the difference between the
total strength and the weakness of a GCM
estimated relative to its rank under different
ranking criteria. The different NSa values
obtained by each GCM under the three
subcategories of Fine Selection (ERE, MWDR,
and NDD) are summarized in Table 5.

After analysing the results, it was observed that
distinct GCMs obtained different NS, values.
The higher the NS, the more it indicates a
suitable GCM for the purpose. In the event of
extreme rainfall, CanESM?2 had the highest net
strength of 12, and CESM1 (BGC) was the
runner-up with a score of 9. For MWDR, CNRM-
CMS5 obtained the highest NS, value and is the
best GCM to model monthly rainfalls. For NRD,
both CNRM-CM5 and CanESM2 have obtained
the highest NS, values and hence either of the
GCMs can be selected for modelling future
Number of Dry Days.
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Table 1 - PI Values under ERE Analysis

GCM NRMSD | ANMBD | AARD CC SS
CanESM2 0.088 0.025 0.039 0.952 | 0.851
CESM1(BGC) 0.201 0.105 0.086 0.967 | 0.865
CESM1(CAP) 0.483 0.200 0.156 0.965 | 0.784
CNRM-CM5 0.516 0411 0.375 0.948 | 0.554
CCSM4 0.220 0.126 0.106 0976 | 0.824
GFDL-ESM2G 0.468 0.300 0.253 0.957 | 0.716
GFDL-SM2M 0.605 0.371 0.309 0.928 | 0.689
Normalized o o o o o
Weight 24.6% 38.1% 35.6% 0% 1.7%

Table 2 - PI Values under MWDR Analysis

GCM NRMSD | ANMBD | AARD | CC NSE SS
CanESM2 0.7714 04333 | 08295 | 0.0895| -0.9895 | 0.6083
CESM1(BGC) 0.6669 0.0895 | 0.8601 | 0.2691 | -0.4868 | 0.8208
CESM1(CAP) 0.6111 02703 | 0.6727 | 02982 | -0.2486 | 0.7000
CNRM-CM5 0.6595 0.0318 | 0.9983 | 02619 | -04541 | 0.8583
CCSM4 0.6571 02749 | 0.8277 | 02659 | -04435 | 0.7458
GFDL-ESM2G | 0.6979 03958 | 0.7726 | 02946 | -0.6286 | 0.6958
GFDL-SM2M 0.6309 02539 | 0.7183 | 0.3001 | -0.3306 | 0.6667
Normalized 0.8% 54.4% 22% | 141% | 26.7% 1.9%
Weight

Table 3 - PI Values under NRD Analysis

GCM NRMSD | AARD CcC NSE SS
CanESM2 0.5056 | 0.5869 | 0.2926 | -0.5629 | 0.9208
CESM1(BCG) 0.5837 | 0.6541 | 0.3144 | -1.0835 | 0.7375
CESM1(CAP) 0.5422 | 0.6035 | 0.2727 | -0.7978 | 0.8958
CNRM-CM5 0.5058 0.5852 | 0.3053 | -0.5644 | 0.8750
CCSM4 0.5823 0.6000 | 0.3185 | -1.0734 | 0.7333
GFDL-ESM2G 0.6540 0.7302 | 0.1844 | -1.6153 | 0.7042
GFDL-ESM2M | 0.7087 | 0.7877 | 0.1906 | -2.0715 | 0.6458

Normalized
Weight

4.9% 4.3% 14.2% | 712% | 5.5%

Table 4 - Rankings of GCMs under different MCDM Techniques

oM ERE MWDR NRD

LP | TOPSIS | LP | TOPSIS | LP | TOPSIS
CanESM2 1 1 7 7 2 1
CESM1(BCG) | 2 2 2 2 5 5
CESM1(CAP) | 4 4 4 4 3 3
CNRM-CM5 | 7 7 1 1 1 2
CSM4 3 3 5 5 4 4
GFDL-2G 5 5 6 6 6 6
GFDL-2M 6 6 3 3 7 7
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Table 5 - NSa Values of GCMs

GCM NS,
ERE | MWDR | NRD
CanESM?2 12 -6 7
CESM1(BGC) 9 6 2
CESMI(CAP) 3 3 1
CNRM-CM5 3 8 7
CCSM4 6 2 3
GFDL-ESM2G 3 ) 1
GFDL.ESM2M | 7 3 6

4. Conclusion

The outcomes of climate-related studies using
GCM projections potentially carry uncertainty
because they rely on models developed based on
many geophysical assumptions and boundaries.
Previous studies identified uncertainty about
future climate change impacts over the Kalu
Ganga catchment due to different GCMs
providing varied hydrological projections [34].
However, GCMs are effective tools for
modelling future climate, and hence this study
attempted to reduce the uncertainty of different
GCM projections in the Kalu Ganga catchment
by introducing a statistical approach to select
appropriate  GCM(s) capable of simulating
future precipitation based on CMIP-5 outputs.

The GCMs were evaluated based on their
performance by analysing simulated past
rainfall against observed data under two
selection stages. The Initial Selection identified
potential GCMs that could model the southwest
monsoonal climate using a larger domain
consisting of ocean and land rainfall data, where
the observed data were taken from the GPCP.
Two performance indicators (PIs) were used to
compare the monthly rainfall patterns in the
southwest of Sri Lanka and screened 17 GCMs
from the CMIP-5 database; of these, 7 GCMs
progressed to the next stage, while the
remaining GCMs were excluded due to
constraints listed in Table 6.The Fine Selection
analysed the performance of these 7 GCMs at the
catchment scale after bias-correcting the GCM
outputs under three different rainfall scenarios:
Extreme Rainfall Events (ERE), Monthly Wet
Day Rainfalls (MWDR), and No Rain Days
(NRD), where observed precipitation was taken
from APHRODITE. Six PIs were used to
evaluate GCM performance, and MCDM
techniques were employed to reach a final
decision.

The results of the Fine Selection indicated that no
single GCM could model all three rainfall
categories with the same confidence level

CanESM2 was effective for extreme rainfall,
CNRM-CM5 for normal rainfall, and both
CanESM2 and CNRM-CM5 for no rain days.
Through the study outcomes, CanESM2
appeared to be the better GCM for the region in
terms of modelling tail rainfalls, such as extreme
and no rain days, whereas CNRM-CM5 was
more ideal for modelling normal rainfall. Some
studies have identified that CNRM-CM5
performs well in simulating rainfall over land
[13]. However, none of the GCMs selected in this
study matched previous selections that used
CMIP4 outputs [20], although CanESM2 and
CNRM-CM>5 were also found to perform well in
the local context by previous studies [25].
Further comparison of this study's results with
previous ones is difficult due to the limited
number of studies on GCM selection in local
catchments.

The developed method for GCM selection and
bias correction for the Kalu Ganga basin used
gridded precipitation data and statistical
methods. The use of gridded precipitation data
facilitated the analysis. However, the
APHRODITE rainfall data is derived from
available ground station data and therefore
depends on the density of the rain-gauge
network and the accuracy of primary data in the
catchment of interest. APHRODITE data could
underestimate actual rainfall [2], and future
studies using satellite reanalysis data could
verify this with observed data if available. The
GCM selection method applied here, if adapted,
can be deployed for other river basins as well. It
is suggested for future studies to examine the
possibility of integrating a greater number of
rain gauge locations into the gridded rainfall
matrices.

This study was primarily based on selecting
GCMs to model future rainfall and no other
climatic parameters. Hence, the only variable
considered was rainfall, although many other
geophysical attributes can govern GCM
performance when selecting a suitable model
[20]. Therefore, selecting GCMs based on their
ability to reproduce past rainfall may not be
suitable for broader climate change impact
studies. However, introducing a simpler GCM
selection method was a key feature of this study;
thus, rainfall was the sole variable used, with
statistical means employed to compare
performance. The GCMs and their outputs in
this study were based on CMIP-5; however, a
newer database, CMIP-6, has since been
introduced, including updated GCMs with
higher climate sensitivity. Nevertheless, it
remains a research question how much these
new CMIP GCMs contribute to climate
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modelling in the South Asian region, where
most GCMs are developed elsewhere.

The study focused on developing a low-cost data
solution for GCM selection, and the applied
methodology could be adapted for any other
catchment of interest. Furthermore, the authors
aimed to avoid the extra cost and inefficiency of
acquiring primary data requiring additional
funding, while APHRODITE has already
compiled these primary data from the
Meteorological Department of Sri Lanka and
developed gridded data that other researchers
can easily access online.
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