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Supplementary Information 8 

S1.  Kernel regression based downscaling model (Kannan et al., 2011) 9 

A brief overview of this statistical downscaling methodology is presented in Figure S1. The 10 

major steps involved in this methodology are: dimensionality reduction of predictor data, 11 

clustering of the rainfall data, applying a decision tree model, applying nonparametric kernel 12 

regression model to predict the multisite precipitation. The Principal Component Analysis 13 

(PCA) is used to reduce the dimension of the predictors. The time series of observed rainfall 14 

data is clustered using kmeans clustering algorithm. The optimum number of clusters for the 15 

data is worked out using standard validation indices. The optimum number of clusters 16 

considered for this study is 3, indicating heavy, moderate or low rainfall, depending on the 17 

average rainfall in that cluster. A decision tree based CART model [Breiman et al., 1984] is 18 

constructed using the principal components of predictor data and lag1precipitation state of the 19 

river basin as inputs and actual precipitation value of each station as output. The 20 

nonparametric kernel regression model is used to obtain the multisite precipitation. The 21 

predictors used to develop this model are current day principal components of predictor data 22 

and current day precipitation state of the river basin at each station. This methodology is 23 

applied by Salvi et al. (2013), Shashikanth et al. (2014) for downscaling ISMR. 24 

S2. LSTM based model (Misra et al., 2017). 25 

A broad overview of this methodology is shown in Figure S2. The major steps in this 26 

methodology are discussed here. Firstly, predictor dimensionality reduction followed by 27 

clustering of the precipitation data. The precipitation days in both the training and testing 28 

period are classified into 3 clusters, indicating heavy, medium and low rainfall, using kmeans 29 



clustering algorithm [Kannan et al., 2011]. A single hidden layer auto-encoder is trained on 30 

the standardized predictor data to reduce its dimension. Thereafter a deep neural network 31 

classifier is trained using the dimensionally reduced predictor data and the precipitation states 32 

for the training period. The loss function used for training is mean squared error. This trained 33 

classifier is applied to the dimensionally reduced predictor data of the testing period to 34 

predict rainfall states in the testing period for a particular zone. Finally, a single hidden layer 35 

LSTM model is used to predict the actual rainfall at each grid point for a particular zone. For 36 

LSTM model, the predicted precipitation state and the predictor variables for a particular day 37 

are taken as inputs and actual precipitation series is considered as the output. Further details 38 

regarding the LSTM based architecture can be found out in Misra et al. [2017].  39 

S3.  Quantile Based Bias Correction of GCM predictor variables  40 

Different valid assumptions are made in order to develop GCM data mainly due to 41 

insufficient knowledge of involved geophysical processes. Therefore for most GCMs a 42 

systemic bias (difference in value) between the observed variables and the GCM simulated 43 

variables is detected. Bias removal of GCM data is essential before using it for rainfall 44 

projections. The quantile mapping based methodology proposed by Li et al. (2010) is used for 45 

bias correction in this work. This methodology is based on comparison of Cumulative 46 

Distribution Functions (CDFs) of time series for observed and GCM simulated data at a 47 

particular location. The CCCMa GCM data used for the study has a spatial resolution of 48 

2.81°X2.81° whereas the spatial resolution of NCEP/NCAR reanalysis data is of 2.5°X2.5°. 49 

The GCM data is interpolated to 2.5°X2.5° resolution before applying bias correction. A 50 

probability distribution is fitted to the time series of the NCEP/NCAR data as well as the 51 

GCM data for both observed and future time periods. In this study, Gamma distribution is 52 

used since it proved to be the best fit based on estimated Akaike and Bayesian Information 53 



Criterion (AIC-BIC) values. Let the distribution parameters for the historic time period GCM 54 

data and future time period GCM data series be (P1, P2)hist and (P1, P2)future respectively. 55 

Similarly let the parameters for the NCEP/NCAR data be (P1, P2)ncep. Given the value of a 56 

NCEP/NCAR variable, xncep, we compute the CDF Fncep, based on (P1, P2)ncep. Given the CDF 57 

value Fncep, we compute the difference between the quantiles for NCEP and historic GCM 58 

data given as:  59 

xdi = xncep - xhist …………………………(1) 60 

xdi denotes the shift in value of GCM, corresponding to the CDF value Fncep. xhist and xfuture 61 

are computed based on Fhist with (P1, P2)hist and (P1, P2)future respectively. We add xdi 62 

corresponding to CDF value Ffuture, i.e., xfuture. Hence, the bias corrected future GCM data is 63 

given by,   64 

xcorr = xfuture + xdi ………………… (2) 65 

S4. Scalability of the models 66 

Scalability of a statistical downscaling model depicts its ability to scale well with increase in 67 

input data size, i.e. time taken to run the model does not increase in parallel with the increase 68 

in the size of the region of rainfall prediction. Hence, for efficient real time prediction and 69 

retraining of the model for changing input data or scenarios, it is important that the model 70 

scales well with increase in input data size. 71 

In this study model simulations are carried out on NVIDIA Tesla K80 GPU computing 72 

system. The simulation time periods are noted down for all the four models. The KR model 73 

takes nearly 30 hours for training for all regions of India. The LSTM model takes 74 

approximately 5 hours for training for all regions of India, however it performs poorly due to 75 



the simple single layered network architecture used to predict multisite rainfall having very 76 

high variability. The regionwise ConvLSTM model takes about 10 hours for training on all 77 

regions of India. The shared ConvLSTM model takes approximately 8 hours for convergence 78 

on the entire Indian region. 79 
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