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Slide Courtesy: Jim Hack, ORNL (IPCC AR4, 2007)2



Implications on Hydrology
• Overall idea: Increase in temperature 

increase in evapotranspiration more cloud 
formation increase in rainfall

• Real situation: Not so simple guided by 
spatial distribution of pressure, wind velocity 
etc.

• Changes in rainfall: not always increasing in 
all locations and non consistent

• Implications of changes: estimation of design 
hydrologic variables

• Earlier concepts on hydrologic design: Based 
on return period assumption: stationarity

• In changed Scenario: “Stationarity is Dead”

There is a need to model changed scenarios3



General Circulation Model 
(GCM)General Circulation Model (GCM): Tools for 

simulating time series of climate variables 
globally, accounting for effects of greenhouse 
gases in the atmosphere (using possible future 
GHG scenarios).

can simulate large scale circulation patterns
(pressure, geo potential heights etc.)
can not reproduce non-smooth fields such as 
precipitation.

Scale Mismatch: spatial scale of  a GCM: > 
20, (e.g. For Coupled Global Climate Model 
(CGCM2) 3.750 in both latitude and 
longitude(375 Km.))
Scale for modeling hydrologic process 
(precipitation) :order of 10-100 Km

Downscaling: To predict hydrologic variable at 
local scale using global scale climatologic 
variable

Statistical Downscaling
Dynamic Downscaling
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Need for Downscaling
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Modeling Hydrologic Impacts of 
Climate Change

GCM Output (Large Scale Climate Variables)GCM Output (Large Scale Climate Variables)

Local Meteorological variablesLocal Meteorological variables

Downscaling

Land Use ChangeLand Use Change

Hydrologic Variables in a River BasinHydrologic Variables in a River Basin

UncertaintyUncertainty

Future Hydrologic Scenario in River BasinFuture Hydrologic Scenario in River Basin

Water Resources Planning and Adaptation

Hydrologic Models
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Regional Scale Studies: Why
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Indian Rainfall Extremes Increased 
in Last 50 years Large Scale 
Study(Goswami et al., 2006)
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Spatial Variability of Indian Rainfall 
Extremes at Finer Scale

Trend of 30 year return levels Trend of 100 year return levels

mm/day

(c) (d)

mm/day/year mm/day/year
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Increasing Trend in Spatial 
Variability

Tentatively accepted 
in
NATURE Climate 
Change
Ghosh, S.; Das, D. 
and Ganguly, A. R. 
(2011)
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Single-site Statistical 
Downscaling
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GCM Simulations of 
Precipitation

Observed (IMD) GCM Projections (GISS, NASA)
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Single-site Downscaling Model
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Ghosh, S. (2010), 
JGR‐Atm (AGU)



Case-Study

Predictors preliminary selected 
based on availability in GCM data 
archive:

•Mean Sea Level Pressure
•Near Surface Temperature
•Surface Humidity
•Zonal Wind Speed
•Meridional Wind Speed



Regression with NCEP/NCAR Reanalysis 
Data (Assam and Meghalaya)

Nash‐Sutcliffe Coefficient = 0.65
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GCMs Considered and 20C3M Results
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Results with A2 Scenario
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Uncertainty Modeling
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Methodologies Developed
• Assuming all GCMs are equally accurate nonparametric statistical 

approaches Applied to analyze projected drought scenario in Orissa
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Ghosh and 
Mujumdar (2007), 
WRR (AGU)



Methodologies Developed 
(Contd..)

• Based on performances of GCMs: Observed period Possibility Theory 
(Applied to Mahanadi Streamflow)

20

Mujumdar and 
Ghosh (2008), WRR 
(AGU)



Modeling Uncertainty: Reliability 
Ensemble Averaging

• Weight assignment based on model performance and model 
convergence to GCMs 

• Model Performance: Deviation of CDF of GCM generated 
rainfall for 20C3M (1951-2000) with respect to observed 
rainfall.

• Computation of deviation: Deviation in terms of mean and 
standard deviation

• Model Convergence: Deviation of CDF of GCM generated 
future rainfall with respect to weighted mean CDF.

• Average of weights from model performance and model 
convergence criteria
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Weighted Mean CDF for A2 Scenario 
(Assam and Meghalaya Meteorological 

Subdivision)

Ghosh, S. (2010), 
JGR‐Atm (AGU)
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Multi-site Daily Downscaling
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Multi-site Downscaling
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Challenges:
Modeling Variability
Spatial cross correlation

24



Algorithms for Multi-site Downscaling
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Applied to Mahanadi Basin
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Comparison with CRF [Raje and 
Mujumdar, 2009] (Error Plot)
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Comparison with CRF: Spatial 
Correlation
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Future Projection (2000-2100)

Ghosh, S. and Kannan S (2011), WRR (AGU) 
[Revised Manuscript Submitted]
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Applications to All India (On-
going work)
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Simulating Temperature (Mean) in 
India with CGCM3 (Bias Corrected)



Downscaling to ALL INDIA
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Simulations for Observed Period: 
Mean Rainfall PatternObserved Simulated

Simulated‐observed
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Comparison of  Standard 
Deviation Observed Simulated

Observed‐simulated
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Future Projected changes in Mean 
(A2 Scenario)• Changes ([2011-2040]-[1961-1990])
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Summary and Concluding 
Remarks

• Indian rainfall needs to be studied at finer 
resolution.

• GCM outputs must be downscaled to study 
hydrologic scenario.

• Uncertainty Modeling: a major part in climate 
change impacts assessment 

• Indian rainfall: no uniform trend or projection, 
spatially varying trend and projections.
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Thank You



Support Vector Machine (SVM)

Training Objective:

Maximize Flatness + C*Minimize Error



Parameters of SVM Controlling 
Training and Selection

• Parameters
– b
– σ
– ε
– C

• Selection:
– Maximize the performance for testing data set, which is 

independent of training
– Minimize the difference of performance measure between 

training and testing



Optimization Model for Selection of SVM 
Parameters
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SVM Coupled with Search 
Algorithm



Probabilistic Global Search 
Laussane



Results

Results from 
Linear Regression 
r(train)=0.82 
r(test)=0.62

Results with ANN
r(train)=0.86
r(test)=0.64

With allowable difference = 0.2, r(train) = 0.87, r(test)=0.67

With grid search method, r(train) = 0.97, r(test)=0.68

With empirical equation (Cherkassky and Ma, 2004), r(train) = 0.82, r(test)=0.61 
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Flowchart for Uncertainty Modeling
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