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Abstract: Downscaling Global Circulation Model (GCM) output is important in order to
understand the present climate as well as future climate changes at local scale. In this study,
Random Forest (RF) was used to downscale the mean daily rainfall at Kota Bahru meteorological
station located in Kelantan Malaysia. The RF model was used to downscale daily rainfall from
GCM of Coupled Model Intercomparison Project Phase 5 (CMIP5), BCC-CSM1.1. The potential
predictors were selected using stepwise regression at grid points located around the study area.
Quantile mapping was used to remove the bias in the prediction. The results showed that the RF
model was able to establish a good relation between observed and downscaled rainfall. The
Quantile mapping was found to perform well to correct errors in prediction. The statistical
measures of performance of downscaling and bias correction approaches show that they are able
to replicate daily observed rainfall with Nash-Schutclif efficiency greater than 0.75 for all the
months. It can be concluded that RF and Quantile mapping are reliable and effective methods for
downscaling rainfall.
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10 Introduction S

Climate change due to global warming will modify the climate in terms of both the
mean and variability of rainfall. Small changes in rainfall variability and the mean can
produce relatively large changes in the probability of extreme rainfall events. As the
primary impacts of climate change on human life, environments, economies and
societies result from extreme events, changes in extreme weather events due to global
warming have become a major concern in recent years. Therefore, reliable projection of
future changes in extreme indices at the local scale is a major challenge in any climate
region. It is anticipated that variability in inter-annual and inter-seasonal rainfall due to
climate change will cause more hydrologic extremes on the east coast of Peninsular
Malaysia and make people’s livelihoods and local infrastructure more vulnerable.
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Therefore, downscaling extreme rainfall indices is very important for the creation of
rational countermeasures in the context of climate change (Pour et al., 2014; Ahmed et
al., 2015).

The Global Circulation Models (GCMs) are currently considered as the most important
and appropriate tool for the modelling and assessing the impact of climate change
(Goyal et al., 2012). The raw outputs of climate change simulation from GCMs,
however, fail to provide reliable information on spatial scales (Maraun et al., 2012).
Statistical downscaling is a technique widely used to overcome the spatial resolution
problem of GCMs. Statistical downscaling methods are widely used for their simplicity,
easiness, flexibility, quickness and providing local scale information. Several
regression-based statistical methods are developed and applied such as principal
component analysis, artificial neural networks, multiple linear regression, Support
Vector Machine (SVM), Random Forest (RF) and canonical correlation analysis
(Mahmood and Babel, 2013). GCM simulations are not directly used because of biased
representation. This biasness is due to the assumptions made during the development
phase of circulation models due to lack of incomplete knowledge about atmospheric
phenomena. Therefore, GCM models may not simulate climate variables accurately, and
there is always a difference between observed and simulated climate variables. Thus, it
is necessary to use bias correction methods to remove biashess from GCM output. In
this study, Quantile mapping was used for the bias correction. The model was calibrated
and validated using Room Mean Square Error (RMSE) and Nash-Schutclif efficiency
(NSE) statistics.

The main objective of this study was to evaluate the performance of RF algorithm for
downscaling of precipitation. This study will be a baseline for modelling and assessing
the impacts of climate change in the future for Kota Bahru region in Kelantan Malaysia.

2.0 Study Area and Data

45 years (1971-2015) hourly observed rainfall data was collected from Department of
Irrigation and Drainage (DID), Malaysia for Kota Bahru meteorological station located
in Kelantan. The 100 predictors data of Coupled Model Inter comparison Project Phase
5 (CMIP5), for GCM, BCC-CSM1.1 was was downloaded from IPCC portal. The
historical daily rainfall data for 35 years from 1971 to 2005 and projected data of 95
years from 2006 to 2099 for 100 predictors was extracted from the downloaded data of
the GCM BCC-CSML1.1. The study area is indicated in the map shown in Figure 1.
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Figure 1: Location of Study Area Shown by Red Circle (Station ID 6019004)

3.0 Methodology

Historical hourly precipitation data of 45 years for peninsular Malaysia was set as
observed data. Historical and projected data of Coupled Model Inter comparison Project
Phase 5 (CMIP5), for Global Climate Model (GCM) BCC-CSM1.1 was downloaded
from IPCC portal. Using step wise regression the daily data for 100 predictors was then
extracted from the downloaded data of GCM. After calibration of data the Random
Forest algorithm was used to downscale the model data. QM method was used for bias
correction. The bias corrected data was then compared with the observed data. Figure 2
shows the flow chart for the study
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Figure 2: Methodology Flow Chart

3.1 Random Forest

Random Forest is a method used for constructing randomness in decision forests with
classification or regression trees. The error is estimated after each iteration and the
random forest having tree that gives least error is considered as the best model for
prediction (Liaw and Wiener, 2002). The “Random Forest” package written in R
program was employed in this study for developing RF downscaling model.

3.2 Bias Correction
QM is a bias correction method that relies on cumulative distribution function. The

Principal of QM is to adjust the distribution of the model output with observed data set.
QM was formulated by (Gudmundsson et al., 2012) as:

Po=h (Prm) 1)
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Where, P, is observed precipitation, h is transfer function and P, is downscaled
precipitation.

The “qmap” package written in R program was used in this study for quantile mapping.

3.3 Calibration and Validation of Model

The model was validated and calibrated using the statistical Indices. Two different
indices were used for this purpose. These are explained briefly as below.

3.3.1  Statistical Indices

The performance of precipitation data and downscaling models were assessed using
Root Mean Square Error (RMSE) and Nash-Sutcliffe efficiency (NSE) statistics. The
equations used for calculating these parameters are given below:

3.3.1.1 Room Mean Square Error

RMSE summaries the mean difference in the units of observed and estimate values and

therefore can provide overall performance (Willmott, 1982). A model is considered
more accurate if RMSE is closer to zero (Johnston, 2004; Chen and Liu, 2012).

v 2
1 2
RMSE = |~ " (Xsim, = Xops) ] @
i=1

Where, Xsimi and Xops,i are the modelled and observed data.

34 Nash-Schutclif efficiency

The NSE proposed by (Nash and Sutcliffe, 1970) can have values between -co and 1.0
being the optimal values. VValues between 0.0 and 1.0 are generally viewed as acceptable
level of performance, whereas values < 0.0 indicates that the mean observed value is a
better predictor than the simulated value, which indicates unacceptable performance of
model (Moriasi et al., 2007)
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Zliv=1(xssim,i - xobs,i)z

NSE =1-— .
Z?I:1(xobs,i - xobs)

(3)

Where, Xsimi and Xqns,i are the modelled and observed data, while x,,; and xg;,, are
mean observed and mean modeled data and N is the number of observations.

4.0 Results and Discussions
4.1 Downscaling

The precipitation data from Global Climate model was downscaled using RF method.
The QM method was used for the bias correction of the downscaled data. The
comparison of the daily observed data and monthly observed data with the bias
corrected daily downscaled data and bias corrected monthly downscaled data
respectively, showed a very good relationship. Figure 2(a) shows the comparison of the
daily observed data and bias corrected daily downscaled daily data, while figure 2(b)
shows the comparison of the monthly observed data and bias-corrected monthly
downscaled data. Comparisons of the results showed that this procedure is effective for
downscaling precipitation. The overall, downscaling result was found satisfactory in
term of average daily and monthly precipitation.
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Figure 3 (a): Observed and Downscaled Daily Rainfall
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Figure 3 (b): Observed and Downscaled Monthly Rainfall

4.2 Performance of Downscaling model

The performance of the downscaling model was evaluated using two statistics
indices. A model is considered more accurate if RMSE is closer to zero. NSE values
between 0.0 and 1.0 are generally viewed as acceptable level of performance. Both
the statistics indices performed very well. The results for both the indices are
tabulated in Table 1.

Table 1: Performance of Downscaling model

Method V1
RMSE 76.26
NSE 0.88

4.3 Projected precipitation

The yearly projected future rainfall shows a good relationship between four
Representative Concentration Pathways (RCPs) 2.6, 4.5, 6.0, and 8.5. Figure 3
shows the projected yearly precipitation relationship amongst these RCPs.
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Figure 4: Yearly Projected Rainfall for Different Scenarios

Table 2 shows the average annual projected rainfall for four RCPs for three different
periods of 2010-2039, 2040-20969 and 2040-2099. From the table it can be seen that
for RCP 26 the average annual future projected rainfall is expected to decrease
during period of 2040-2069 and increases for period of 2070-2099. For RCP 45 and
RCP 60 there is an increase and for RCP 85 there is decrease in annual average
projected rainfall for both the time periods 2040-2069 and 2070-2099. It was
observed that due impacts of changing climate under various RCPs the intensity of
average annual rainfall will be more in future. This increase in intensity due to
expected extreme events can increase the susceptibility of the current urban storm
water management infrastructure. Therefore, necessary measures should be taken so
as to minimize the human and economic losses.

Table 2: RCP Scenarios

Scenario 2010-2039 2040-2069 2070-2099
RCP 26 589.22352 577.6887315 1126.616368
RCP 45 362.795541 658.0872502 618.9663744
RCP 60 395.545767 511.8591405 676.363412
RCP 85 474.0374551 415.8296497 358.3860252
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5.0 Conclusion

The present study was set out to evaluate the performance of Random Forest
algorithm in terms of ability to downscale and precipitation. The RF model was
calibrated and validated using daily precipitation recorded at meteorological of Kota
Bahru station located in Kelantan Malaysia. The result shows perfect match between
downscaled and observed precipitation. Errors in downscaled daily and monthly
average values were very less for all the months and days of the year. This indicates
that Random Forest algorithm can be used to downscale and project precipitation. It
can be concluded that RF method is reliable and effective method for downscaling
rainfall.
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