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Abstract  

The change in climate threats the abundance of usable water across the globe. Most of the river 

basins are unable to cope up with the impact of climate change. Hence, assessing the future 

scenario has become the need of today. General Circulation Model(GCM) provide information at 

a course grid resolution. Downscaling can help in getting the information at a local scale level 

from GCM data which will help the researchers to work on a regional level. Statistical downscaling 

method is preferred over dynamic downscaling method due to its less complex calculations. 

Statistical downscaling model (SDSM) is widely used in prediction of future climate scenarios. 

Here Brahmani-Baitarani river basin is selected as a case study for the downscaling of precipitation 

in the monthly time scale. SDSM version 4.2 is used as the model and precipitation is taken as the 

predictand parameter. Predictors are chosen from the NCEP global variables like air temperature, 

geopotential height, specific humidity, zonal and meridional wind velocities, precipitable water 

and surface pressure data. The outcome of the study shows that the mean rainfall will increase in 

this river basin in the 2040s. Increase in dry spell and decrease in wet spell also observed in the 

results. 
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1. Introduction 

Climate change has adverse impact on the surface of earth starting from forest ecosystem to flood 

plain of rivers. Surface hydrology, forestry, floods, soil erosion, land use changes, ground water, 

environment, living beings and their ecosystems; all are affected by the climate change. Its adverse 

effect on water resources threats the abundance of usable water availability. Water is the basis of 

lifeline on earth. Population explosion associated with various anthropogenic activities like per 

capita use, industrialization and others require more water in coming decades. Therefore, a proper 



 

assessment of past and prediction of probable future precipitation and the resulting run off over 

time is necessary for hydrologist (Anandhi et al., 2008). 

General circulation models (GCMs) are considered as the most effective tools to simulate climatic 

conditions on earth. They provide information at a coarse grid resolution (usually 1⁰ to 2⁰). But 

data at a finer grid is required to work on a smaller study area like a smaller catchment. To manage 

the gap between the lower resolution and higher resolution downscaling is used. It tries to link 

between the GCM information and information needed by the hydrologists (Walsh, 2011). 

Downscaling methods can be broadly classified into two groups; dynamical and statistical. 

Statistical downscaling method is preferred to dynamic downscaling method because of less 

computational work. Again it is classified into three subgroups; regression methods, weather 

generators and weather typing schemes. All the methods deal with the basic concept that regional 

climates (predictand) are the function of the large scale atmospheric state (predictor). This 

relationship between predictor and predictand can be deterministic or probabilistic function. 

SDSM (statistical downscaling model) is the most commonly used model for this purpose. SDSM 

combinely uses a conceptual water balance model and a mass-balance water quality model to 

investigate climate change impact assessment (Wilby et al 2006). Many authors have compared 

SDSM with other statistical downscaling models. Harpham and Wilby (2005) concluded that 

SDSM yields better daily precipitation quantiles and inter-site correlation when compared with 

artificial neural networks(ANNs). Khan et al (2006) also concluded that SDSM is very efficient in 

reproducing various statistical parameters of data set in the downscaled results with a confidence 

level of 95%. 

The present work focuses on the application of SDSM to the Brahmani-Baitarani river basin in 

India to simulate the future scenarios of the precipitation and other parameters.  

 

2. Study area  

Brahmani and Baitarani river basin is situated in the central-east India between latitude 20° 28' to 

23° 35' N and longitude 83° 52' to 87° 30' E. The basin extends over the states of Odisha, Jharkhand 

and Chhattishgarh draining an area of 51, 822 Sq.km which is 1.7% of total geographical area of 



 

the country. Major part of its catchment area is situated in the state of Odisha. Both the rivers are 

seasonal in nature. They are rejuvenated at the onset of monsoon as they are fed by rain. At the 

time of summer, their discharge is significantly decreased. Though 90% of the basin receives an 

average annual rainfall of between 1400 to 1600 mm, some places like dhenkanal and jashpur 

district are drought prone areas. Two hydro-observation stations Jenapur and Gomlai are taken for 

this study. Jenapur station has a drainage area of 33,955 km2 and Gomlai has a drainage area of 

21,950 km2. Figure 1 shows a schematic diagram of the Brahmani and Baitarani river system. 

 

 

Fig 1. Schematic diagram of Brahmani-Baitarani river basin 

 



 

3. Data  

The observed large scale predictors have been derived from the NCEP reanalysis data sets that 

contain 41 years of daily observed predictor data normalized over the period 1961-1990. These 

data has been interpolated into the grid size of 2.5 latitude *3.75 longitude before the normalization 

is implemented. The HadCM3 (Hadley center for climate and prediction and research, UK) model 

output both for A2 and B2 scenario are directly downloaded from website http://climate-

scenarios.canada.ca. The long term meteorological data from the period 1981-2016 is obtained 

from the central water commission (CWC) India on daily basis at the Gomlai and Jenapur in the 

state of Odisha. A total 36 years of data are taken as baseline period, out of which 25 years is used 

for calibration and 11 years is needed for validation of the model. 

 

4. Methodology  

4.1 SDSM 

Among the handful models that are available for downscaling, the SDSM is very popularly used. 

Statistical downscaling model (SDSM) is a statistical weather generator based on linear multiple 

regression. It is used to predict the climate parameters such as the precipitation or temperature in 

long time duration. It uses large scale atmospheric variables to condition the local scale weather 

generators. It also uses stochastic techniques in variance of daily time series. In fact, it is the 

combination of transfer function and stochastic weather generator methods. 

4.2 Multiple linear regressions 

Multiple linear regressions are used to explain the relationship between one continuous dependent 

variable (predictand) with one or more than one independent variables (GCM outputs). For a given 

data set, a linear regression model assumes a linear relationship between the variables. The 

equation used for the multiple linear regressions is written as:   

                                   (𝑦/𝑥) = 𝑎 + 𝑏1𝑥1 + 𝑏2𝑥2 + … … 𝑏𝑛 𝑥𝑛.                                    (1) 

http://climate-scenarios.canada.ca/
http://climate-scenarios.canada.ca/


 

where, y is the dependent predictant variable with respect to x, x1, x2, x3…. xn the independent 

predictor variables, a, b1, b2…bn  the intercepts or parameters of the equation. Figure 2 shows the 

flow chart of climate scenario generation in SDSM. 

 

Fig 2. Climate scenario generation in SDSM (source: SDSM user manual) 

 

5. Results and discussion 

Any error in the observed data may result the model to fail in the prediction of future climate 

scenario. Hence, before the simulations, the observed data are subjected to quality control in order 

to check for any missing data codes or gross data errors. For selecting a set of predictors, it is 

necessary to access the effect of predictors on the precipitation at that particular station. A 

correlation matrix is generated among the large scale global predictors and user specified 

predictand. Predictors are selected based on the highest correlation value. Partial r, p values and 



 

scatter plots are also considered in screening of the predictors. Predictor variables selected for each 

station after the screening test are given in Table1.  

For calibration of the model 25 years of precipitation data (collected from CWC), between 1980 

to 2005 is considered. A multiple linear regression is established between the NCEP variables and 

precipitation at that particular station. The intercepts of the regression equation are calculated by 

the forced entry method. Synthetic daily weather series is created by weather generation using the 

observed predictors. When a calibrated model is selected, SDSM automatically relates all 

necessary predictors to regression model weights. In the present study, monthly time scale is taken 

for analysis and no conditional factors are added. An ensemble size of 20 is used for the analysis. 

Results of model calibration for Gomlai station are shown in Figure 3. 
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Figure 3: Model calibration for (a)mean precipitaion (b)dryspell (c) wetspell of each month  

Remaining 11 years data (2006-2016) is used for validation of the model. The statistical plot 

between observed and simulated value is plotted to compare the model output. Wet spell and dry 

spell curves are drawn to represent to number of consecutive rainy and non rainy days respectively. 

Figure 4 shows the plot for validation of the model.  

 

 

Figure 4: Validation of the model. 

It is quite clear from Figure 4 that the model operates efficiently for calibration and validation. 

Hence future scenario is generated using this calibrated model. Scenario A2 experiment results 

show a very heterogeneous world with continuously increasing global population and regionally 

oriented economic growth that is more fragmented and slower than in other experiments; while 

that of B2 scenario experiment represents a world in which the emphasis is on local solutions to 

(b) 

(c) 



 

economic, social, and environmental sustainability, with continuously increasing population 

(lower than A2) and intermediate economic development. Both the scenarios are considered for 

the present study. 

Outcome of climate model HadCM3 is used for scenario generation for six decades (2030 -2090) 

in two subgroups as 2030-2060 and 2060-2090. This GCM outputs are normalized to 360 days, 12 

months with 30 days of each duration. Results are presented in Table 2 and Table 3. 

 

 



 

 

Monthly mean presentation of present and that of the period values from 2030 to 2060 at Gomlai 

station are represented graphically in Figure 5 which gives a clarification of change in rainfall 

scenarios. 

 

(A)Mean precipitation  

  

  



 

(B)Wet spell  

  

  

 

(C)Dry spell 

 

  

  

Figure 5: Comparisons between present scenario of precipitation and that of 2030-2060. 

6. Conclusions 

Based on the present study on the statistical downscaling of GCM outputs and simulation of 

rainfall scenarios for Brahmni – Baitarani River basins in Odisha the following conclusions can 

be drawn   

 The dry spell is expected to increase and wet spell to decrease indicating the number of 

rainy days to be fewer in each year. 

 Monthly mean precipitation is expected to increase in the rainy days (June, July and 

August). 
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