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It has been said that something as small as the flutter of a
butterfly's wing can ultimately cause a typhoon halfway around
the world - Chaos Theory
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ABSTRACT
Downscaling has been considered an important component of climate change impact assessment
as GCMs (Global Climate Models) are only available at coarse-resolution. However, most of the
hydrological models require climate change information at a finer resolution. This research
performs downscaling using two statistical downscaling techniques, namely the LS-SVM (Least
Square-Support Vector Machine) and KR (Multivariate Kernel Regression) to downscale CMIP5
GCM output to obtain daily simulations of local climate variable for the monsoon month of
August, 2040. The calibration and validation was done based on the observed daily station data
from IMD (Indian Meteorological Department). The study also undertakes a rigorous evaluation
and comparison of the two downscaling techniques. Included in the research, are a list of the best
evaluation techniques for measuring the efficiency of downscaling models. Further, future
hydrological regime was generated using VIC (Variable Infiltration Capacity) model, a
macroscale semi-distributed hydrological model. Though literature suggests that Kernel
Regression techniques are better suited for daily simulations, the study indicates that the LSSVM is able to simulate peak rainfall events, whereas KR is seen to mainly give mean values for
simulation period. KR was observed to model individual rainfall events better than SVM. The
sum of total rainfall and the Nash-Sutcliffe coefficient were determined to be the most suitable
downscaling evaluation measures. The downscaled precipitation data indicates an increase in
monthly precipitation of August from 239.67 mm (year 2005) to 264.51 mm (year 2040). The
generation of hydrological regime for the future indicated a runoff of 29057.71 m3/s at the outlet
of the Ganga basin for the month of August, 2040.

Keywords: Climate Change, Downscaling, Support Vector Machine (SVM), Kernel Regression,
Variable Infiltration Capacity (VIC) Model
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CHAPTER 1
INTRODUCTION
1.1 Background
The fourth assessment report (AR4) of the Intergovernmental Panel on Climate Change (IPCC,
2007) has listed the various climate scenarios and its drivers. The rising demand for water and
the possible decline in future water resources due to climate change, will pose a significant
challenge to water resources planners (Chiew et al., 2010). Therefore, a proper assessment of
probable future precipitation and its variability over time should be included in climate change
studies (Anandhi et al., 2008).
Global Circulation Models (GCMs) are considered as effective tools available today which uses
transient climate simulations to generate climatic conditions for hundreds of years into the past
and the future. They play a crucial role in generating future projections of climate change using
different emission scenarios (Hashmi et al., 2009). However, GCMs are available at a coarse grid
resolution of 1º to 2°. Consequently, products of GCMs cannot be used directly for climate
impact assessment on a local scale. This has led researches to undertake to development of
suitable downscaling methodologies to transfer the GCM information to local scale information
(Figure 1.1.).

Figure 1.1Transfer GCM information to local scale information (NPCC)

A study of the impacts of climate change on the environment and the surroundings includes an
account of the hydrological regime for the present and the future years. In order to accurately
assess the water balance, generation of future hydrological scenario is essential.
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1.1.1 Climate Change
Climate Change is defined as a significant and lasting change in the statistical distribution of
weather patterns over periods of time affecting areas both small and large. Climate change may
be natural or human-induced (anthropogenic). This phenomenon has had discernible impacts on
the physical, ecological and the biological systems of the Earth. Climate Change is expected to
adversely impact water resources, water quality and freshwater ecology. Thus, it is important to
quantify the impacts of climate change to frame mitigation and adaptation measures (Whitehead
et al., 2009). The Special Report on Emission Scenarios (SRES) establishes different future
world development possibilities in the 21st century, taking into consideration the possible
changes in various factors including economic development, technological development, energy
intensities, energy demand, and structure of energy use, resources availability, population
change, and land-use change. The possibilities of changes in future developments are categorized
mainly in the form of four major storylines quantified as four scenarios namely A1, A2, B1 and
B2 (Figure 1.2). The scenarios include the expected range of emissions of greenhouse gases
(GHGs), sulfur and their respective driving forces.

Figure 1.2 Emission scenarios (IPCC)

1.1.2 Global Circulation Models
Climate Change impact assessments are modeled under the above stated hypothetical scenarios
using climate models. GCM is regarded as the most credible tool to simulate time series of the
climate (Ghosh and Majumdar, 2008). GCM is a computer based model that follows the laws of
-2-
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physics, thermodynamics and is modeled based on deterministic and numerical equations to
predict the climate (Sutikno et al., 2010).The models have been built to represent the
predominant atmospheric and physical processes. However, scientists have expressed
dissatisfaction due to its inadequate spatial scale. Downscaling is a technique used to bridge the
gap between the large-scale GCM and the needs of the small scale study area. GCMs can be
categorized into three types depending on the nature of their simulation and functionality into
atmospheric GCM, oceanic GCM and coupled GCM.
1.1.3 Downscaling
Downscaling, or translation across scales, is a set of techniques that relate local and regionalscale climate variables to the larger scale atmospheric forcing (Hewitson and Crane, 1996). The
downscaling approach was developed specifically to address present requirements in global
environmental change research, and the need for more detailed temporal and spatial information
from GCM (Figure 1.3). Most impacts models require information at a sub-grid scale featuring
topography, clouds and land use-land cover (Tisseuil et al., 2010). Downscaling bridges the gap
between large and local scale climatic data. It tries to link what has been provided by the global
climate modelers and what is needed by the decision makers (Walsh, 2011). The translation
across scales is based on the assumption that similar synoptic atmospheric patterns produce
similar climatic conditions.
The following are some assumptions of spatial downscaling (Tripathi et al., 2006):
i.
ii.

iii.

The GCM being used should be able to simulate well, those atmospheric features which
will influence regional climate, e.g. jet streams and storm tracks
The downscaling technique should be based on a climate variable which does not exhibit
large sub-grid scale variations, i.e. it is better to use a variable such as mean sea level
pressure rather than precipitation
The variables used in the downscaling process should a direct model output (e.g. sea level
pressure) and not outputs based on parameterisations involving other model variables, as
is the case with precipitation
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Figure 1.3 Downscaling (Environment Canada)

The Downscaling process plays a crucial role in driving impact assessment models such as
drought analysis, water resources management, water demand availability, ecological impacts
and risk and vulnerability assessments.
There are three types of downscaling:
1.1.3.1 Dynamic Downscaling
Nesting a regional climate model into an existing GCM is known as dynamic downscaling. This
technique drives a regional dynamic model at a mesoscale with the synoptic and large scale
information from a GCM (Jenkins and Barron, 1996). In other words, a regional climate model
(RCM) is embedded in a GCM (Tripathi et al., 2006). To achieve this, a specific location is
defined and certain driving factors from the GCM are applied to the regional climate model. A
regional climate model is a dynamic model, like a GCM, but it can be thought of as being
composed of three layers. One layer is largely driven by the GCM itself, another layer builds on
some locally specific data that is available, and the third layer uses its own physics based
equations to resolve the model based on data from the other two layers. The results are
comparatively local predictions that are informed by both local specifics and global models. This
process requires significant computational resources because it is dependent on the use of
-4-
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complex models and results (Environment Canada, www.ccsn.ec.gc.ca). However, dynamic
downscaling is best used for the long run. Some of its disadvantages are its difficulty to
overcome the interface between the GCM and the nested model (e.g. how to relate the coarse
resolution grid cell of the GCM to the boundary conditions of the finer scale nested model) and
the non availability of many nested models for the southern hemisphere (Environment Canada,
www.ccsn.ec.gc.ca). It is also common for systematic biases to creep into the RCM from the host
GCM.
1.1.3.2 Statistical Downscaling
Statistical downscaling technique involves translation using statistical regressions. There are a
variety of such methods ranging from multiple regressions that link local variables to particular
drivers in GCMs, to more complex methods using multilayer, input-output arrangements like
neural networks and support vector machine. Also known as empirical downscaling, it is
primarily a data driven approach. The general procedure is to first establish the relationship
between large scale variables and local level climate conditions. Once this relationship has been
developed for existing conditions, it can be used to predict for the future.
A quantitative relationship between circulation and local climate in the form y=f(x) is
established:
local climate response = f (external, larger scale)

(1.1)

The above stated relationship (or function) is called a transfer function and is derived from long
term observational data. The more the ability of the transfer function to capture non-linear
aspects of the circulation-local climate relationship, the more efficient it is considered.
1.1.3.3 Stochastic Weather Generators
A third strategy for downscaling data is also statistically driven. It uses stochastic weather
generators that develops a series of statistical linkages among variables to predict weather at that
particular location by using long term weather data for a particular area. Such empirically based
models can be used to downscale variables generated from GCMs to predict the local result of
driving variables (Hewitson and Crane, 1996).
1.1.4 Hydrological Modeling
Hydrological modeling is the mathematical representation of the long-term hydrological patters
of the basin and its behaviour. Hydrological models are of two types: Lumped models and
-5-
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Distributed models. In lumped model, spatial heterogeneity is not taken into consideration i.e.
the watershed is taken as a single entity with a single rainfall value for the whole area. It assumes
that the whole grid is homogenous and physical properties such as soil, land cover, climate, etc.
are same everywhere in the area. These models do not use physical formulae to derive water
balance components. Also variations in meteorological, hydrological and geological parameters
are considered as one aggregated value. Whereas in distributed models, grid heterogeneity is
considered by dividing the whole area into a number of homogenous units and all the properties
lying in the area are given equal weightage (Singh and Frevert, 2006).
Remote Sensing has a potential to measure spatial as well as temporal variation of climatic
parameters. It plays a key role in hydrological modeling by providing it all the necessary inputs.
Geographic Information System (GIS) helps in generating drainage network map, flow direction
map, flow accumulation map, aspect map, stream order etc from remotely-sensed data.
The output of such hydrological models is the water balance components. The verification of
these models is done by computing the water balance equations.
The water balance equation is as follows:
P − Q – ET – Baseflow ± ∆TWS = 0

(1.2)

Where,
P = Precipitation,
Q = Runoff,
ET = Evapotranspiration,
∆TWS = Change in Terrestrial Water Storage and, other components include interception, soil
Moisture, shallow and deep groundwater storage and snow
1.1.5 Integrated Modeling
With the evolution of the computer and the advent of the internet revolution; computations,
simulations and predictions have become an integrated process. Everything from simple
processes like data storage, retrieval, manipulations, processing to complex processes like
simulation and modeling are being carried out in a simple personal computer (Figure 1.4). This
explains the concept of Integrated Modeling.
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Figure 1.4 Integrated modeling
(http://programs.wcs.org/ClimateChange/DataAnalysis/tabid/2798/Default.aspx)

1.2 Motivation
It has already been re-enforced that GCMs are an important tool used for predicting and
assessing future projections of climate change and its impacts (Hashmi et al., 2009). GCMs
might successfully be able to capture large-scale circulation patterns; but for impact assessment
models such as hydrological models, information is needed on a local scale. Thus, for assessing
the hydrological impacts of climate change at the watershed level and the regional scale, the
GCM outputs cannot be used directly due to the mismatch in the spatial resolution between the
available GCMs and hydrological models (Figure 1.5). It is also a real challenge to model
variables like precipitation that exhibit high sub-grid variability. GCMs can to a great extent
model smoothly varying variables/fields like surface pressure, vertical and horizontal wind etc,
but has been unsuccessful in modeling properly non-smooth fields such as precipitation.
Precipitation, unlike temperature is erratic and a resultant of several external factors. All of
which make modeling precipitation very difficult, yet important.
Furthermore, the intensification of the hydrological regime due to impacts induced upon
hydrological and meteorological parameters by climate change in the future also needs to be
studied and analyzed sufficiently. This implies the need to develop future climate change
scenarios and study its implication on future hydrological characteristics of the region of interest.
The preparedness for the future scenario leads to a more efficient natural resources
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Figure 1.5 Downscaling for impact assessment studies

1.3 Gap Areas
The problem statement has several gap areas. One of the primary gap areas is finding the most
appropriate downscaling model that captures the non-linear relationship between the large scale
information and the small scale information. The downscaling model will differ from region to
region and sometimes even from station to station.
Secondly, most of the downscaling models work at a monthly time scale. But a majority of
hydrological models require inputs at a daily time scale. In most instances in the past, temporal
disaggregation techniques have been used to produce information on a daily time scale from
monthly time scale data. Temporal disaggregation methods are used in order to disaggregate low
frequency time series of data to higher frequency series of data, where either the sum, average,
first or last value of the resulting high frequency time series is consistent with the low frequency
time series (Sax and Steiner, 2013). This however requires a high frequency indicator series
which may not always be available.
Thirdly, most of the statistical downscaling is performed at a grid scale. However, information
may be required at the station or site level for framing and implementation of mitigation
measures.
Fourthly, researches so far have been exploring downscaling and evaluating the performance of
downscaling techniques. A follow up study to assess the downscaled results as an input to
hydrological models has not been explored sufficiently in the past.
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1.4 Problem Statement
The aim of the research is to primarily understand the concept of statistical downscaling, explore
the best possible techniques to statistically downscale precipitation, draw a comparative study of
the downscaling models adopted and chose the most efficient model. The outcome of the
selected model will be used to drive the hydrological model. The study also determines
evaluation criteria for evaluating the performance of these models. And finally, the downscaled
local scale variables will be used generate the hydrological regime for a time period in the future.
Such a study will help assess the changing scenario of the hydrology in the future.
1.5 Research Objectives
In view of the above mentioned problem statement present study has been undertaken with
following objectives:
1. Statistical downscaling of GCM Output for specific sites on daily basis.
a. Selection of a model suitable for daily simulations
b. Selection of appropriate predictors
c. Bias Correction of data
d. Model Calibration and Validation
e. Downscaling of daily precipitation for month of August, 2040
2. Comparison of the Statistical Downscaling techniques and determination of evaluation
criteria for downscaling models.
a. Comparative study of the Statistical Downscaling techniques used
b. Determination of evaluation criteria for Downscaling Models
3. Generation of the future hydrological scenario based on GCM downscaled output using
VIC Model.
a. Preparation of model inputs
b. Generation of simulated streamflow on a daily basis at various locations of the Ganga
basin for August, 2040
1.6 Research Questions
1. How to build an efficient statistical downscaling model for the purpose of downscaling
precipitation on daily basis for August, 2040 at a station scale?
a. What is the best method to statistically downscale precipitation and make predictions for
a specific site on a daily basis?
-9-
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b.
c.
d.
e.

What are the appropriate downscaling predictors to be considered for the study?
How to develop an efficient statistical downscaling model at a site level?
How to perform calibration and validation?
What is the procedure to generate scenario for a future period using the GCM predictors?

2. How can we assess the performance of the statistical downscaling techniques used in the
study?
a. How can we determine the evaluation criteria for assessing statistical downscaling
models?
b. Which of the models is performing better?
3. How can we generate future hydrological scenario based on the downscaled GCM using
VIC?
c. How to prepare model inputs for VIC?
d. How to perform routing for daily simulation of streamflows at various locations across
the Ganga basin for August, 2040?
1.7 Thesis Structure
Chapter 1 is an introduction to the research. The chapter provides the background for the work,
problem definition, gap areas, research objectives and research questions.
Chapter 2 aims to introduce as well as summarize the literature available. It gives a detailed
account of all the theoretical and empirical literature available. It introduces downscaling and its
related concepts, statistical downscaling, its benefits, the various downscaling techniques
attempted so far; specifically listing the techniques that are best suited for daily simulations at a
site level. It also discusses the VIC Model and its specifications and workings.
Chapter 3 introduces to the area of study, its significance and enumerates the inputs for
downscaling and VIC model
Chapter 4 describes the detailed methodology adopted for downscaling, the preparation of input
for VIC and routing model. The chapter also proposes the techniques that have been adopted for
evaluating the performance of the downscaling models
Chapter 5 looks at answering all the research objectives and research questions in a systematic
manner. It presents all the results in a tabular or graphical manner for easy understanding and
interpretation. It shows the findings of the downscaling and the hydrological modeling. The
chapter discusses and analysis the results of the study.
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Chapter 6 draws the conclusions of the preceding chapters and offers recommendations for
future studies.
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CHAPTER 2
REVIEW OF LITERATURE
2.1 Downscaling
In order to study the impacts of global warming on a small scale, it is necessary to develop and
apply the scenarios to specific issues being faced by the region (Cohen, 1990). It has been
emphasized that one of the most important challenges while framing policies is the lack of
impact assessment at appropriate scales (Nieto and Wilby, 2005). Fowler and Wilby (2007) have
stated that the global climate models are run at a low resolution making it difficult to understand
the impacts at individual sites. The GCMs give a broad view of each of the synoptic atmospheric
variables that influence local scale variables such as temperature and precipitation. The
usefulness of the GCM is only restricted to a coarse spatial resolution of 50,000 km2. This makes
it difficult to resolve the sub-grid features such as cloud and topography (Wilby and Dawson,
2004). Hence it is important to “downscale” in order to address the mismatch in the resolutions
of the GCM and the local catchment. This has been considered crucial for both climate change
impact studies and for various basin level hydrological modeling (Lettenmaier et al., 1999;
Wood et al., 2002). Najafi et al.,2011 defines downscaling as the process of translation of large
scale atmospheric variables (called predictors) to finer resolution information (called
Predictands). Common examples of predictors are air pressure, air temperature, sea surface
temperature, geopotential height etc (Crawford et al., 2007). Examples of Predictands are local
meteorological variables like temperature or precipitation.
Different studies have been carried out so far in downscaling to produce temperature and
precipitation (Leung et al., 2003)
A relatively easy and computationally inexpensive method to tackle impact assessments is the
use of change factors (Arnell, 2003). In this technique, baseline climatology is selected in the
region of interest. Subsequently, changes in the concerned variable for the GCM or RCM is
made with respect to the target site. Next, the change in the variable as suggested by the climate
model is adjusted to each of the days in the baseline period. However, this method contains many
inherent errors since most often the scaled and the baseline period only differ in terms of some
statistical characteristic like mean or maxima or minima.
There are two types of downscaling: Dynamic Downscaling and Statistical Downscaling (Lenart,
2008). Dynamic downscaling is nesting a regional climate model (RCM) into a global climate
model (GCM) (Wilby and Wigley, 1997). Kim et al., 1984 defines dynamic downscaling as a
technique to obtain high resolution data from low resolution data using output from another high
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resolution data driving a regional model. This kind of a technique uses grid-nesting and are
relatively complex and requires high computational costs (Salathe et al., 2007). The skills
available for parameterization of such models are currently insufficient.
2.2 Statistical Downscaling
In the recent past, statistical downscaling technique has gained a lot of interest from climate
modelers and researchers since its results are sufficiently accurate in the estimation of
relationship between the GCM and station level information (Fowler et al., 2007). The
assumption made in statistical downscaling is that stable statistical relationships occur at
different temporal and spatial scales (Wilby et al., 1998).
Statistical downscaling are based and conceptualized on three assumptions (Tripathi et al., 2006).
First, that the predictors have been modeled realistically by the GCMs. Second, the empirical
relationship between the predictand and the predictor will remain the same under future
conditions. It is for this reason that unlike in dynamic downscaling, change in landuse-landcover
and climatic factors is not a matter of consideration for this method. Third, it is assumed that the
predictors accurately represent climate changes and their indications.
Statistical downscaling can be categorized into three broad types: weather classification (Kidson,
2000), regression models (Murphy, 1999) and weather generator (Katz and Parlange, 1998).
A wide range of transfer functions have been explored so far. Some of the well known ones are
Artificial Neural Network (ANN) (Tatli et al., 2004; Shivam, 2004), Support Vector Machine
(SVM) (Tripathi et al., 2006), Canonical Correlation analysis etc.
2.3 Guidelines for Statistical Downscaling
Wilby et al., 2004 has given an insightful account on the guidelines for statistical downscaling.
The study mentions the pros and cons of the technique. Advantages include the opportunity to
use GCM “ensemble” result. This result is considered reliable since ensemble results unlike a
single model result gives the average result from many models. This will ensure that the
simulated data from the models matches well with the observational data. One of the biggest
drawbacks of the technique is the assumption made that the statistical technique obtained by the
transfer function will also hold under future climate forcings. In reality this may not always hold
true (Mearns et al., 2003).
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Statistical downscaling is a two step process, comprising of the development of an empirical
function between local climate variables and large scale predictors and the application of this
function to the GCM output to simulate local station-level variables.
The guidelines to be followed while statistical downscaling is as follows:
• Choice of statistical method: The choice of statistical method is dependent on the nature
of the predictand. A data following normal distribution may not require a complicated
model. Data having extremes in values or heterogeneity in dataset may require a transfer
function that can capture non-linear relationships well. Large number of observational
data will need a model that is complex and can accommodate a large number of training
sets
• Choice of predictors: Predictors should be selected such that they best represent the
climate change phenomena. Exclusion of critical indicators can cause a drop in the
performance of the model
• Capability of handling extremes: Most downscaling models are often calibrated in such a
way that they cannot handle extremities in the data. The model will then only produce
mean values
• Nature of the domain under consideration: the domain or the study area and the
variability of climatic parameters of the region contribute largely in establishing the
transfer function. For example, tropical countries, such as India may present a more
complex behavior than the polar or the mid latitude regions
• Feedbacks: Models should not take into account complex atmospheric-land or biological
feedbacks of climatic activities. Natural response of these feedbacks can considerably
harm the statistical models that are fitted to observational data
• Aim of the study: If the model is required to produce land-surface forcings, then RCMs
are more preferred than statistical downscaling
• Empirical downscaling technique should not be applied when the transfer function are
deemed to be unstable with respect to time
• Assessment of the availability and quality of the archived data: Statistical downscaling is
a data-oriented process, and it critically rests upon the access to quality Predictands and
predictors available at different time scale. Therefore, handling the missing data and the
errors in observational data is necessary before running any statistical downscaling model
• Specify model structure: It is crucial to specify the model type and structure. That is to
recognize whether the model is uni- or multi-variate, single or multi-site etc (Wilby et al.,
2004)
• Evaluation of the model skill using independent data: Most often the model gets trained
strictly by the training data. This leads to an unsuccessful generalization of the trend of
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the time series data. As a result, the models are recommended to be validated using
independent data
2.4 Statistical downscaling on daily time scale
Due to the low computational effort required for statistical downscaling, it offers an opportunity
to run at different time slices rather than brief time slices as in the case of dynamic downscaling.
Since statistical downscaling is only dependent on the transfer function, it can downscale at any
time-step; yearly, monthly, daily, hourly etc. Downscaling, delivers transient climate change
scenarios at daily time step. Nieto and Wilby, 2005 have used archived model outputs to
generate daily precipitation and potential evaporation using a statistical downscaling technique
and change factor method. Statistical downscaling can deliver ensembles of daily data in line
with the large scale host GCMs. Such studies can predict frequency and duration of drought or
flood years.
However, daily downscaling is a big challenge due to numerous reasons. Firstly, most GCMs do
not have accurate daily simulations. The GCM outputs have systematic errors. This consequently
introduces errors into the predictions.
Wilby and Wigley (1997) analyzed the correlation between the predictor and the predictand, and
selected the predictors that explained the high variance in the precipitation occurrence. These
selected predictors were then used to downscale the GCM to get daily precipitation.
Kioutsioukis (2008) has explored multi-site non-homogenous hidden Markov model (NHMM) to
downscale winter precipitation on a daily basis. The NHMM was successful in producing station
level statistics and the spatial pattern of precipitation such as correlation between the stations etc.
It was also successful in modeling dry spells and wet spells and “very” wet spells.
Huth, (2002) used canonical correlation analysis, singular value decomposition, full regression,
point-wise regression and stepwise regression to downscale daily temperature. It was seen that
pointwise regression method performed better than the other regression methods. Two
downscaling models, Temporal Neural Network and regression-based statistical model were
compared in Dibike et al., (2005) to predict daily minimum and maximum temperature and
precipitation. Model was prepared with 30 years of data, followed by the seasonal biases being
removed. It was discovered that the temporal neural network performed better for downscaling
both the meteorological variables.
Aksornsingchai and Srinilta (2011) have explored three statistical techniques to predict both
rainfall and temperature using multiple linear regression (MLR), support vector machine with
polynomial kernel and support vector machine with radial basis function. Five predictors
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namely; temperature, pressure, precipitation, evaporator and net short wave radiation were
selected as predictor.
Shashikanth and Ghosh (2013) used a kernel based approach on the CMIP5 GCM dataset to
derive the Indian summer monsoon rainfall on a fine scale of 25 Km. The downscaling technique
consisted of two steps: the derivation of rainfall state using the Classification and Regression
Tree (CART) and then estimation of rainfall using kernel regression (KR) estimator on a daily
time step. One of the most recent studies in daily downscaling has been conducted in Kannan
and Ghosh, (2013), where non-parametric kernel regression model was used for downscaling of
multisite daily precipitation. The simulation of rainfall state was done for the entire study area
from large scale atmospheric variables using the CART algorithm and then the result was
projected as a rainfall estimator. The paper concludes that the south of the Mahanadi basin shows
an increasing trend whereas the northern part of the basin shows a decreasing trend.
2.5 Downscaling techniques
Several methods have been employed in the past to determine a statistical relationship between
predictor and predictand to forecast climate in different parts of the world. Linear interpolation
technique, spatial disaggregation technique and bias-corrected spatial disaggregation (BCSD)
(Maurer and Hidalgo, 2007) were used to downscale in Wood et al., (2004). Some of the
prominent techniques including artificial neural network, multiple linear regression and
canonical correlation analysis have been summarized in the section below:
2.5.1 Statistical Downscaling Model (SDSM)
SDSM is a “decision support tool” that has been designed for climate change impact assessment
studies using a robust downscaling model. This model has made statistical downscaling low cost
and user-friendly. The tool contains an exhaustive set of operations with ancillary and primary
capabilities like data control, quality check, predictor pre-screening (using correlation and scatter
plot), automatic model calibration, testing module, and graphing and statistical assessment as
shown in Figure 2.1. The model is also capable of generating scenarios for variables that cannot
be directly obtained from GCMs.
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Figure 2.1 Screenshot of the Interface of SDSM

The details of the SDSM model can be found in Wilby et al., (1999). SDSM is a combination of
stochastic weather generator and regression-based method. This is because the large scale
synoptic variables and the moisture variables are used to condition the small scale variables (like
rainfall frequency, intensity and occurrences).
The model has been applied by Hay et al., (2000) to a number of meteorological and
environmental assessments for a range of geographical extents. SDSM can be summarized as a
windows-based free open source tool for the development of a single site downscaling of data
under current and future forcings.
2.5.2 Regression-based techniques
Ghosh and Majumdar (2006) examined the rainfall scenario of the future using fuzzy clustering
and developed a downscaling model based on linear regression for estimation of rainfall. The
methodology includes a Principal Component Analysis (PCA) on the dataset to reduce the
dimensionality, fuzzy clustering to classify the principal component which is followed by
designing of the regression model with the primary assumption that the atmospheric patterns in
each of the clusters are different and distinct. Seasonality is then accommodated into this model.
PCA ensures that the eigen values explaining maximum variance is included in the model. The
idea is to design an equation comprising of the principal components as the input with the
constant term of the regression line. Alsornsingchai and Srinilta (2011) defined multiple linear
regressions (MLR) as a statistical method to model a linear relationship between a predictand
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and one or more predictors. The MLR is a least-square method since the model attempts to find a
best fit plane (Chen et al., 2010).
Joshi et al., (2013) implemented Relevance Vector Machine (RVM) along with automated
statistical downscaling (ASD) tool, which is a modified version of MLR. Once the climatic
variables were subjected to step wise selection of predictor variables, they were used for the
estimation of low flow indices using MLR. Hessami et al., (2008) reported that ASD was based
on backward stepwise regression and coefficients of partial correlation. The model process is
considered to be either conditional (eg: precipitation) or unconditional (eg: temperature).
An MLR is in the form given below (Eqn 2.1)

TMaxn = a+b T850n

(2.1)

2.5.3 Canonical Correlation Analysis (CCA)
Statistical downscaling can be performed from seasonal forecasts using canonical correlation
analysis (CCA). The CCA is used to establish a linear regression of seasonal statistics. Busuioc
et al., (2007) carried out a CCA based model to understand the large scale mechanism governing
the variability of precipitation and other extreme events. The regional rainfall indices were
calculated to isolate the high amplitude events from the rest. The study indicated that CCA finds
an optimum linear combination of two multidimensional predictor and predictand pair of patterns
that are optimally correlated. Landman et al., (2001), simulated streamflow for the future using
Perfect Prognosis method and CCA.
2.5.4 Artificial Neural Network (ANN)
ANN has gained wide recognition due to its capability to simulate and estimate non-linear
relationships well. Hewitson and Crane, (1996) established a mathematical relationship between
long term observational data and the atmospheric circulation variables using Artificial Neural
Network (ANN), since it removes the problem of categorizing the circulation features and their
characteristics (Eqn 2.2). The study indicated that ANN captures non-linear aspects of the
predictor-predictand relationship effectively. ANN was seen to be more robust than linear
regression methods. This makes the model capable of picking up anomalies, which in cases
before was added into a mean field. ANN model was able to capture the difference between
synoptic events and the total amount by a synoptic event.
ANN successfully captures the spatial distribution and the total amount of precipitation as a
function of the synoptic forcing. The technique is also seen to be able to pick up the phase and
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the magnitude of the events reasonably well. Mathematically, it is considered a universal
approximator. This makes ANN fit for problems such as pattern recognition, classification,
modeling etc. The technique has been successfully applied by Anctil et al., (2004) and Rajurkar
et al., 2004 in the past. Deswal and Pal (2008) employed ANN to determine evaporation loss.
Jain and Srinivasulu, (2004) have tried to integrate ANN with conceptual models. A forward
artificial neural network has been used in Tisseuil et al., (2010) that is flexible and can be applied
to various models and climate situations. The ANN was trained using a back-propagation
algorithm that consists of a three layer architecture: the input layer, hidden layer and the output
layer. Each neuron of a layer is connected with every other neuron of the last layer by weights
that are constantly adjusted in each successive iteration. The backpropagation algorithm adjusts
the weights according to the back propagation error calculated between the observed and the
simulated.
Wilby et al., (1998) reported the use of weather generator and ANN as transfer functions. The
weather generator performed better while simulating spell-length events and their duration. The
weather generator’s result shows only a small difference between the observed and the simulated
precipitation. ANN seemed to perform poorly because of its inability to simulate the dry-wet
occurrences well. Its poor performance was attributed to the model’s tendency to produce many
“wet days”.
Thus, despite a number of advantages, ANN gets trapped in local minima and has high
subjectivity and dependency on model architecture (Suykens, 2001).The failure of the ANN has
given way to machine learning algorithms that accommodates the drawbacks of the ANN.
TMaxn = f (T850n )

(2.2)

2.5.5 Support Vector Machine (SVM/LS-SVM)
In the past few decades, Support vector machine (SVM) has replaced alternate downscaling
techniques such as multi-layer back-propagation neural network and regression based methods
in a wide range of applications like hydrology (Maier and Dandy, 2000), classification of
images, rainfall runoff modeling and reconstruction of streamflow etc (Khadam and Kalurachchi,
2004).
SVMs are a set of related supervised learning methods that are used for classification and
regression studies (Aksornsingchai and Srinilta, 2011). Tripathi et al., (2006) downscaled
precipitation for climate change scenarios using support vector machine at a monthly time scale.
The study indicated that the presence of kernel functions that implicitly mapped the data to a
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higher and infinite dimensional space attributed to the flexibility of the SVM. The ability of the
model to linearly solve in the higher dimensional space corresponding to non-linear solutions in
lower dimensional input space made SVM suitable for hydrological studies. The kernel trick
calculated similarity in the transformed space with the original input space using the mapping
function by Mercer’s theorem. Since the calculations were performed in the original space,
computational time and cost is saved. The study concluded that the SVM was a suitable
downscaling technique for modeling precipitation.
SVM has been preferred over other downscaling techniques because of its ability to understand
complex non-linear relationships better (Sachindra et al., 2011). Most machine languages that
have a kernel function and parameters, exhibit only one unique solution unlike ANN that
optimizes on the local minima (Haykin, 1999). Another advantage of SVM and RVM over ANN
is that unlike the ANN, weights used herein do not have direct access to individual parts of the
input.
Samui, (2011) conducted a study which adopted LS-SVM for the prediction of evaporation loss
in reservoirs. The determination of predictors was followed by a sensitivity analysis to assess the
importance of each input parameter. The paper also drew a comparative study of LSSVM and
ANN. Different combinations were tried for the two hyperparameters of the LS-SVM. The
performance of the model was then evaluated using the designed value of hyperparameters.
Coefficient of Correlation was computed for both the training and the testing set. It was reported
that the ANN model accepted several parameters such as number of hidden layers, hidden nodes,
learning rate, transfer functions and weight initializations etc. The LS-SVM model was simpler
with only two parameters: γ and σ. The study concluded that the performance of LSSVM was
slightly better than that of ANN. The LSSVM also gave prediction uncertainty indicating that the
LSSVM was a robust model for future predictions.
2.5.6 Multivariate Kernel Regression (KR)
Salvi et al., (2013) designed a non-parametric regression technique that produced an estimate
m(.) at any arbitrary point by averaging observed values of the predictand (dependent variable)
over the neighboring region. This procedure was seen to capture the statistical properties of
observed data, cross-correlation among the meteorological stations and orography of the area.
The methodology for the technique has been mentioned in Kannan and Ghosh (2013) (Figure
2.2).
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Figure 2.2 Methodology of Multivariate kernel regression (Kannan and Ghosh, 2013)

The methodology included the application of bias correction method to each month separately
and selecting predictors after applying PCA and finally using kernel regression estimates to the
future daily rainfall states for future projections.
S. Kannan, (2013) followed a three step methodology to downscale multisite-rainfall amount.
First, the rainfall states for the river basin were clustered from the gridded rainfall data, next the
rainfall states were projected for the future using the classification and the regression tree
(CART) algorithm. And finally downscaling was performed by a nonparametric kernel
regression model.
However literature suggests certain drawbacks of using Kernel density estimation:
a. The technique was seen to be poor in modeling extremes
b. The estimator is only suited for large sample size. A small sample size did not always
lead to accurate results
c. The bandwidth is estimated under the assumption that the actual density is normal, which
however may not be true in the actual case
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2.6 Evaluation criteria of downscaling models
Evaluation statistics of downscaling models are crucial in assessing the performance of the
models with respect to each other. Maraun et al., (2011) has summarized some of these statistics
namely; mean, variance, quartiles, precipitation distribution etc. Some temporal statistical are
autocorrelation function, annual cycle, inter-annual, inter-monthly and inter-decadal variability
focusing on precipitation occurrences such as dry-wet probabilities. Table 2.1 indicates the
selection and definition of indicators for the evaluation of statistical downscaling methods
proposed in Chen et al., (2012).
Aksornsingchai and Srinilta (2011) adopted accuracy measures such as root-mean-squared- error
(RMSE), correlation coefficient (R), Mean absolute error (MAE), Relative absolute error (RAE)
and root relative squared error (RRSE) to the training set and the testing set separately. A tenfold cross validation technique was used to determine the accuracy of the predictive model.
Anandhi et al., (2008) applied sum of squares of error (SSE), Mean square error (MSE), Root
mean square error (RMSE), Nash Sutcliffe error estimate, mean absolute error as some of the
statistical measures to evaluate the models. The normalized mean squared error (NMSE) can
also be used an index to assess the performance of models (Zhang and Govindaraju, 2000)
Table 2.1 Statistical indicators to evaluate downscaling models (Chen et al., 2012)
Indicators
Mean
Variance
Percentile
Maximum 5day
total
Percentage wet
Maximum dry
spell length

Definition
Average of all values
Variance of all values in each time period
Value of the User specified percentile
Maximum total accumulated over 5-days

Maximum wet
spell length

Longest spell with amounts greater than or equal to the
wet-day threshold

Peaks over
threshold

Count of peaks over User specified threshold (defined as
a percentile of all data)

Percentage of days that exceed the threshold
Longest spell with amounts less than the wet-day
threshold
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2.7 Hydrological modeling
The fundamental purpose of modeling the hydrology is to gain an overall understanding of the
complex hydrological system and its dynamics in order to provide reliable information to water
resource managers and policy makers (Bhattacharya et al., 2013). All distributed models are
based on the physical processes governing the flow of water in a basin. But such models require
high-quality reliable data as inputs. Remote sensing has shown great promise in providing an
abundance of data and information due to its unrestricted spatial and temporal coverage. SWAT
(Soil and Water Assessment Tool), MIKE-SHE, Variable infiltration Capacity (VIC) model are
some of the physically based distributed hydrologic models that accept satellite-borne products
as inputs. But most of these models do not consider horizontal complexity and spatial
heterogeneity of soil, topography, vegetation etc, all of which plays a significant role in
governing surface runoff (Garg et al., 2012). However, VIC is a two layer semi distributed
model that takes sub-grid variability in soil infiltration capacity and vegetative classes into
consideration.
2.7.1 Variable Infiltration Capacity (VIC) Model
The Variable Infiltration Capacity (VIC) model is a grid-based macroscale hydrological model
that was designed to represent surface and hydrological fluxes for macro basins. The model was
developed with the purpose of incorporating GCMs. This would ensure an improvement in the
representation of horizontal resolution and subgrid vegetation heterogeneity. The model employs
the infiltration capacity and the surface runoff scheme similar to one in Xianjiang model (Zhao,
1980). The model can accommodate sub-grid heterogeneity in the form of vegetation
heterogeneity, multiple soil layers with variable infiltration, and non-linear base flow as shown
in Figure 2.3.
The VIC framework has been discussed extensively in Liang et al., 1994 and Nijssen et al.,
1997. The details on the concept and the working of the model can be found in
(http://www.hydro.washington.edu/Lettenmaier/Models/VIC).
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Figure 2.3 Schematic of VIC (Cherkauer et al., 2003)

VIC computes vertical energy and moisture fluxes grid-wise based on specifications at each grid
cell considering soil properties and fraction of vegetation classes in each grid. The resultant
runoff and base flow computed by the VIC model is then routed via a channel routing module to
produce streamflow at specified outlets in the basin (Figure 2.4).

Figure 2.4 Schematic of VIC network routing model (Cherkauer et al., 2003)
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VIC can be distinguished from other hydrological models due to the following features:
→ VIC represents effects of multiple vegetative covers on the hydrology of a basin and can
simultaneously solve surface energy and water balances giving multiple outputs
→ The model represents subgrid variability in soil moisture storage capacity as a spatial
probability distribution to which surface runoff is linked (Zhao et al., 1980)
→ It incorporates subgrid spatial variability of precipitation with the representation of other
water cycle components to simulate energy and water budgets (e.g. energy fluxes, runoff,
and soil moisture)
→ VIC includes both saturation and infiltration excess runoff processes with a consideration
to subgrid-scale soil heterogeneity and frozen soil processes for cold climate conditions
(Cherkauer et al., 2003)
→ The VIC model is a surface vegetation atmospheric transfer scheme (SVATS) and has the
ability to be coupled with GCM and other Climate models
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CHAPTER 3
STUDY AREA AND DATA USED
3.1 Study Area
The largest river basin of India, Ganga Basin, has been selected as study area for present study.
The Ganga basin outspreads in India, Tibet (China), Nepal and Bangladesh over an area of
10,86,000 Sq.km. It covers almost 11 states namely Madhya Pradesh, Rajasthan, Bihar, West
Bengal, Uttarakhand, Jharkhand, Haryana, Chhattisgarh, Himachal Pradesh and Union Territory
of Delhi draining an area of 8,61,452 Sq.km, which is nearly 26% of the total geographical area
of the country. It is considered the largest river basin in the country. The Ganga is also one of the
world's largest river systems endowed with a varied diversity in topography, climate, soil type,
land cover etc.
3.1.1 Location and Extent
The study encompasses four stations across the Ganga basin in India and Nepal extending over
an area of 9,23,821 sq. km. It lies between 73° 38' E to 88° 9' E longitudes and 22° 45' N to 31°
45' N latitudes. The Farakka barrage located in West Bengal has been considered as the outlet
for the Ganga Basin located at 87.9333° E longitude and 24.8047° N latitude. The basin is
bounded by the Himalayas in the north, the Aravalli on the west, the Vindhyas and
Chhotanagpur plateau on the south and the Brahmaputra Ridge on the east (Figure 3.1).

Figure 3.1 Extent of Ganga basin
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The majority of the basin in the Indian Territory is covered with agricultural land accounting to
65.57% of the total area and 3.47% of the basin is covered by water bodies.
Table 3.1 Salient Feature of the Ganga basin
Basin Extent
Longitude
Latitude

73° 2’ to
89° 5’ E
21° 6’ to
31° 21’ N
2525
861452

Length of Ganga Riven (Km)
Catchment Area (Sq.Km)

3.1.2 Physiography
The main physical sub-divisions are the Northern Mountains that comprise of the Himalayan
ranges including their foothills, the Gangetic Plains and the Central Highlands, lying to the south
of the Great Plains consisting of the mountains. These Gangetic plains are placed between the
Himalayas and the Deccan Plateau. The predominant soil types in the basin are sandy, loamy,
clay and their combinations such as sandy loam, salty clay loam and loamy sand soils (National
Bureau of Soil Survey and Land Use Planning, NBSSLUP). Almost 57.96 Mha of the basin is
cultivable.
3.1.3 Course of the River
The Ganga originates at the Gangotri Glacier at Gaumukh at an average elevation of 7010 m in
Uttarkashi in the Indian State of Uttarakhand. Its source stream is considered to be Bhagirathi
(Jain et al., 2007). Another main stream of the Ganga is the Alakananda which originates at the
Satopath glacier. The two rivers while flowing downhill are joined by many more streams and
finally meet at Devprayag from where the combined flow is called Ganga. Numerous tributaries
and small stream from India, Nepal and Bangladesh compromise the headwaters to it. The river
traverses a course of about 2525 Km before emptying itself at the Bay of Bengal. The principal
tributaries joining the river are the Yamuna, the Ranganga, Ghaghra, Gandak, Burhi Gandak,
Kosi, Mahanandi and the Sone (Figure 3.2). Chambal and the Betwa are also considered two
important sub-tributary of the Ganges (Central Water Commission, CWC). The entire basin can
be divided into four main sub-basins, namely the Upper Ganga, Yamuna, Chambal and the
Lower Ganga. The length of the Ganga can be divided in three stretches; upper reach from the
origin to Narora, middle reach from Narora to Ballia and the lower reach Ballia to its Sunderbans
delta.
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The main river enters Bangladesh below the Farakka and joins the Brahmaputra. The Meghna
river joins the two rivers further south and finally empties itself in the Bay of Bengal.

Figure 3.2 The Ganges with its tributaries (CWC)

3.1.4 Climate
Climate of the basin is generally temperate with great variation in both temperature and
precipitation. The Northern part of the basin is mainly influenced by the Himalayas where
winters are very cold and summers are fairly moderate. The average rainfall in the basin is
between the range of 550-2500 mm. A majority of the rains (80%) is due to the south-western
monsoons from the month of July to October (Jayakody and Bharati, 2011). The Upper Ganga
that flows through Uttarakhand and Uttar Pradesh receives rainfall of 30 to 40 inches. The
central plains of Bihar receive between 40 to 60 inches. And the delta region of West Bengal
receives the maximum rainfall of 60 to 100 inches as shown in Figure 3.3. The Ganges also
experiences frequent cyclonic storms before the onset and the end of the monsoons.
The temperature in Northern Himalayas is relatively lower to the rest of the basin while lower
plains experience moderate temperatures. In regions of Nepal and the north-east part of
Uttarakhand, temperature tends become negative during winters. Whereas in other parts of the
basin, temperature varies from 3-4° C in winters and goes above 40° C in summers (Jain et al.,
2007). The temperature varies in the basin from 3°C to 4°C in January making it the coolest
month of the year to 43°C - 45°C in May or June making it the warmest.
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Figure 3.3 Map showing spatial distribution of rainfall (WATCH: Water and Global Change)

3.1.5 Topography
The Ganga with all its tributaries forms a large flat and fertile plain in Northern India. The
availability of abundant water, fertile soil, and suitable temperate climate has supported
agriculture in the given region and has made it one of the most densely populated regions of the
world. The net sown area in the Ganga basin is around 44 million hectares (CWC). The net
irrigated area is 23.41 million hectares. Migration of the tributaries and its draining into the
eastern part of the basin has resulted in considerable swamp and mangrove growth. This
sedimentological characteristic of this belt plays a dominant role in the hydrodynamics of the
basin.A broad geological assessment of the basin and its ground water indicates a potential of
270 MAF. The basin is considered as the biggest watershed in the country having an irrigation
command area of 18Х106 hectares.
3.1.6 Hydrological Networks and Hydropower Development
Hydrological observation stations have been set up by both the Central and the State
Government. The Central Water Commission (CWC) maintains 288 gauge discharge site in the
basin (Figure 3.2) at different time steps. It also operates almost 87 flood forecasting stations
across the basin.
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The Ganga has a hydroelectric power potential of 20711 MW. As per the latest assessment, total
installed capacity of the river is 4987.20MW and that in operation or in various stages of
construction is 1307 MW. Despite several new hydropower projects that have been proposed,
only 30% of the potential of the river has been successfully exploited. A majority of the
hydropower potential remains to be exploited. The Tehri, Koteshwar, Rajghat, Chambal and
Yamuna Valley are few such projects that have been constructed for hydropower generation.
3.1.7 Water Quality
The Ganga Basin covers almost 11 states and is home to millions of the Indian population. It
supports a total population of 356.8 million with an average density of 414 persons per sq. Km.
The ever-growing population exerts huge demand for water, especially fresh water. In addition,
the exponential growth in the population of the basin is resulting in rapid industrial development
around the rivers. There is also a lot of pressure from the domestic sector for fresh water for
washing, cleaning, drinking etc. Over time, the urban discharge has been directed to the Ganges
in large quantities thereby causing severe water pollution. The untreated urban discharge of
polluted water and agricultural chemicals that are washed along the plains has led to severe
downstream pollution as shown below in Figure 3.4.
Despite the Ganges being considered sacred in the Hindu mythology, people have not hesitated
in dumping their domestic and industrial waste into the Ganges. Due to the large number of
metropolitan, medium as well small cities located by the river, the huge quantities of effluents
and waste reach the natural drainage system, polluting the entire basin. This is perhaps the
biggest problem being faced by the Ganga River. The CWC reports claim that almost 900
million litres of sewage is being dumped into the Ganga everyday! Untreated municipal sewage
contributes to almost three-fourth the dump. The Kanpur-Buxar belt is considered the most
polluted belt in the basin.The mean value of DO is at 3mg/l at Jajmau, near Kanpur. The Yamuna
that joins the Ganga at Sangam is also considered to be highly polluted since it passes through
the country’s capital New Delhi and Agra. Two action plans have been launched to address the
water pollution of the basin; Ganga action plan and the Yamuna Action Plan.
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Figure 3.4: Disposal of sewage generated in Ganga basin in million litres per day (CPCB)

3.1.8 Problems of the Ganga Basin
The following are the issues of concern for the basin:
•

•
•

•
•
•
•

Water pollution in the belt needs to be addressed with immediacy since affluent
discharges have consistently been on the increase in the past two decades. New norms,
rules, policies need to be framed and enforced for the maintenance of the Indo-Gangetic
belt since it is home to millions of people as well as flora and fauna
Large variation in climate causes variations in soil type and land use and hydrometeorological variables
Water related issues in the basin also arise due to high and low flows; i.e. inconsistent
flows. States such as Uttar Pradesh, Bihar and West Bengal are frequently affected by
floods
Flows during the non-monsoon months are insufficient to meet the growing needs of the
population for drinking water, domestic, agriculture and industrial uses
The hilly terrain (especially the Himalayas’ comparatively younger ranges) experiences
frequent landslides that cause heavy erosion from time to time
The lack of sufficient discharge at all parts of the river hinders navigability at some ports
The conflict of sharing water between states as well as countries has been an issue of
great controversy and interest. Only a well coordinated water resources plan can
appropriately address the issues
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•

•

Delays in the implementation of several crucial projects have resulted in severe escalation
of costs. Irrigation potential from surface water is around 45% and from ground water is
around 70%.
Many diversion works that have been constructed have not been backed by upstream
storage for the free supply of water for irrigation. This makes irrigation suitable only for
some rivers in the basin.

3.2 DATA USED
3.2.1 Data used in Statistical Downscaling
The following listed datasets have been used for downscaling precipitation on a daily basis at a
site resolution.
1. NCEP/NCAR Reanalysis data:
The National Center for Environmental Prediction (NCEP) and National Center for Atmospheric
Research (NCAR) have together contributed to a project referred to as “reanalysis”, to produce a
record of 50 years of global analysis of climatic data in the form of atmospheric fields (Table
3.2). This product is primarily useful for researchers and climate monitoring bodies and policy
makers. The data is generated from a combination of sources like land surface readings, ships,
aircrafts, satellites and other data sources. It is then processed for quality control and
assimilitated with a complex and superior data assimilation system that is kept unchanged over
the entire reanalysis period. The products can be obtained from NCEP/NCAR and the National
Oceanic and Atmospheric Administration/ Climate Diagnostics Center (NOAA/CDC). The
NCEP/NCAR Reanalysis data has a resolution of 2.5° * 2.5° and is considered as a proxy to
observed data (Figure 3.5). It is available at a temporal coverage of 4-times daily, daily, monthly
from 1948 to present (Kistler et al., 2001). The data also provides long term monthly means that
is available for 17 pressure levels which can be selected depending on the requirement of the
study.
In the current study, 30 years data was used for each station from 1975-2005 on an average. The
dataset, available in NetCDF format was read in MATLAB.
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Description

Name

Units

Zonal wind component

U

m s -1

Meridional wind
component
Geopotential Height

V

m s -1

ZA

M

Temperature

T

K

Specific Humidity

Q

Kg kg-1

Surface pressure

PS

Pa

Sea Level Pressure

SLP

Pa

Figure 3.5 NCEP/NCAR dataset
(Earth System Research Laboratory)

Table 3.2 NCEP/NCAR variables

Link for download : http:// wesley.wwb.noaa.gov/Reanalysis.html or the Earth System Research
Laboratory.
2. Station Data
Station data was used for the calibration and validation of the downscaling model with the
NCEP-NCAR data and the GCM respectively. Since statistical downscaling was performed at a
station-level/site-level; rainfall, minimum temperature and maximum temperature was required
for each station. The daily data of the above stated variables were provided by the Indian
Meteorological Department (IMD), Pune for a period of 30 years from 1975 to 2012 (Table 3.3).

INDEX

Table 3.3 Format of IMD Data
INDEX NO. OF THE STATION

MN

MONTH

DT

DATE

MAX

MAXIMUM TEMPERATURE (in degree C)

MIN

MINIMUM TEMPERATURE (in degree C)

R/F

RAINFALL (in mm)

The stations that were downscaled were Kota (Source: Water Resources Department, Rajasthan
Link- http://waterresources.rajasthan.gov.in/Daily_Rainfall_Data/Rainfall_Index.html), New
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Delhi (IMD Station Code: 42182), Patna (IMD Station Code: 42492) and Indore (IMD Station
Code: 42754) as shown in Figure 3.6. Stations were selected such that they fall under different
agro-ecological zones. Agro-ecological zones (AEZ) of the country have been determined on the
basis of 50 years of climate data and a soil database. For the purpose of convenience, each AEZ
is seen uniform in terms of its Physiography, climate, soil type for land-use planning (National
Bureau of Soil Survey and Land Use Planning, NBSSLUP).
Kota, Rajasthan falls in the Western Plains with hot arid ecoregion and desert and saline soil,
New Delhi falls in the Northern Trans-Gangetic plains with hot semi-arid ecoregion and
alluvium derived soils, Patna forms a part of the eastern plains that experiences hot sub-humid
moist ecoregion with alluvium fertile soil and lastly, Indore predominantly has hot subhumid
climate with red and black soil (National Institute of Hydrology).

Figure 3.6 Stations Downscaled

3. CMIP5 daily simulations: The CMIP5 (Coupled Model Intercomparison Project 5) is a
comprehensive set of experiments prepared by the World Climate Research Programme’s
working group on coupled modeling. The data has an extensive list of outputs. It is available in
netCDF-3 format and conforms to CF metadata standards. The CMIP5 is one of the few GCMs
that provide daily simulations. Daily simulations were essential to this study since statistical
downscaling was followed by hydrological modeling using VIC (simulates streamflow on daily
or sub-daily basis).
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Each file contains only a single output field from a single simulation or a single run. Each file
also includes coordinate variables, attributes and other metadata as specified in Table 3.4. If the
field is seen to be a function of time, more than one time sample (but not necessarily all time
samples) is included in a single file (Taylor and Doutriaux, 2010). The simulations are at a
spatial resolution of 2.8125° * 2.8125°.
Table 3.4 Details of selected CMIP5 simulations
Model
Experiment
Time Frequency
Ensemble
Pressure level

CANESM2
RCP4.5
Daily
r1i1p1
1000hPa

a. Representative Concentration Pathway (RCP)
Four new key scenarios for the climate research community were described in the Special Issue
of the journal Climate Change. These are called the Representative Concentration Pathways
(RCP). RCPs describe a wide range of potential issues concerning climate change like
greenhouse gases, air pollutants, emissions and land use. RCPs have broken new grounds in
several ways. They include some of the highest and lowest scenarios of greenhouse gases that
have been recently examined by the climate research community. They include scenarios with
climate mitigation, unlike the Special Report of Emission Scenarios (SRES), that focuses on a no
climate policy only. The lowest scenario aims to limit the extent of global warming in terms of
global mean temperature to less than 2º C. The gridded data include climatic forcers such as
sulphur aerosol and greenhouses gases. It has been generated upto the year 2300 for long-term
climate research. There are several RCPs: RCP4.5, RCP8.5, RCP2.6 and RCP6 etc. These RCPs
are defined on the basis of their total radiative forcings (cumulative measure of human emissions
of GHGs measured in watts per square meter) pathway by 2100 (Figure 3.7). They are derived
from a broad range of climate outcomes, based on past literature. It is important to note that
RCPs are neither forecasts nor predictions or recommendations for future policies (IPCC).
By RCP 4.5 (used for the study), it is meant that the future projections (2006-2100) are forced by
the RCP 4.5. It belongs to Experiment number 4.1 and the core CMIP5 designated tier having 95
years per run.
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Figure 3.7 RCP Calculations and Data (http://www.pik-potsdam.de/~mmalte/rcps/)

b. Daily mean 3-D atmospheric variables
The CMIP5 provides daily simulations at different pressure surfaces: 1000, 850, 700, 500, 250,
100 hPa. The atmospheric variables that are available as a product of the CMIP5 simulations are
Air Temperature, Relative Humidity, Specific Humidity, Sea Level Pressure, Northward Wind,
Eastward Wind and Geopotential Height (Table 3.5).
The data was downloaded for atmospheric realm at 1000 hPa pressure level. The CMIP5 daily
simulations are available on a monthly daily, 6-hourly and 3-hourly basis.

Long Name
Air Temperature
Relative Humidity

Units
K
%

Specific Humidity
Sea Level Pressure

1
Pa

Table 3.5 Variables available in CMIP5
Comments
Variable name
Ta
This
is
the
Hur
relative humidity
with respect to
liquid water for
T> 0 C, and with
respect to ice for
T<0 C.
Hus
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Northward Wind

ms-1

near-surface
(usually, 10
meters)
northward
component of
wind.

Va

northward_wind

Eastward Wind

ms-1

near-surface
(usually, 10
meters) eastward
component of
wind

Ua

eastward_wind

Geopotential Height

m

Zg

geopotential_height

Link for Download:http://tntcat.iiasa.ac.at:8787/RcpDb/dsd?Action=htmlpage&page=download
3.2.2 Data used Variable Infiltration Capacity (VIC) Model
1. Digital Elevation Model (GTOPO)
Digital elevation Model available at 30 arc seconds having a spatial resolution of 1km spatial
resolution has been used for preparing DEM derived products (Source:
https://lta.cr.usgs.gov/GTOPO30)
2. Ancillary Data
•

•
•

LULC prepared for ISRO Geosphere Biosphere Program under the project entitled
“Landuse/Landcover Dynamics and Impacts of Human Dimension in Indian River
Basins” at 1: 2,50,000 scale
Soil data for India from NBSSLUP
Soil data for Nepal from FAO

3. Discharge Data
Discharge data for the calibration and the validation of the VIC Model has been taken from the
Global River Global Runoff Data Centre (GRDC) (Figure 3.8) for Benighat, Devghat and
Farakka (Table 3.6)
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Figure 3.8 Discharge sites in Ganga basin used for calibration and validation of VIC (GRDC)
(
Table 3.6 Details of calibration and validation sites
STATION
LAT
LONG
AREA
1

Benighat

28.96

81.12

21240

2

Devghat

27.71

84.43

31100

3

Farakka (Outlet)

25

87.92

835000

- 38 -

STATISTICAL DOWNSCALING OF GCM OUTPUT, HYDROLOGICAL SIMULATION AND GENERATION OF FUTURE SCENARIO USING VARIABLE INFILTRATION CAPACITY (VIC) MODEL FOR THE
GANGA BASIN, INDIA

CHAPTER 4
METHODOLOGY
The progress flow of the research has been divided into two broad categories:
a. Statistical Downscaling of GCM at a site level on a daily time scale
b. Generation of future scenario using the hydrological model – VIC
4.1 Methodology for Statistical Downscaling
4.1.1 Overall framework
A statistical relationship has been derived between observed small scale (station level) variables
and larger (NCEP/NCAR Reanalysis data) scale variables, using a transfer function. GCM
Projections (CMIP5 Daily simulations) was used to drive the statistical relationship, in order to
estimate the smaller-scale details of future climate as shown in Figure 4.1.
Two transfer functions have been used in the present study:
1. Least Square-Support Vector Machine
2. Multivariate Kernel Regression
The steps for downscaling can be summarized as follows (Wilby and Dawson, 2004):
a. Quality control and data transformation
b. Screening of downscaling predictors
c. Model Calibration
d. Generation of current weather data using observed data for validation
e. Statistical analysis of results
f. Graphical representation of outputs
g. Generation of future weather using GCM-derived predictors
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Figure 4.1Methodology of statistical downscaling

4.1.2 Support Vector Machine
4.1.2.1 Introduction
Support Vector Machine, originally conceptualized by Vapnik (1998), is a kernel based neural
network technique (Tripathi et al., 2006) that works on two fundamental principles of statistical
learning theory and structural risk minimization (Haykin, 2003). The SVM has gained immense
popularity over traditional techniques of neural network such as multi
multi-layer
layer back propagation
neural network in applications including pattern recognition and classifications etc. In the past
SVM has been used for classifications (Asefa et al, 2004) and for reconstruction of streamflows
with gaps in the data.
As mentioned above the working of SVM depends on the theories of structural risk minimization
(Vapnik and Chervonekis, 1974) that attempts to set an upper limit or bound on the
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generalization error by striking a balance between the training error of the machine and the
capacity of the machine to learn any training set with minimum error. This ensures a global
optimum solution for the output. The SVM is considered adept at deciding the model
architecture required for any training set. It can automatically calculate the number of hidden
layers and
nd is more practical in its approach than traditional neural based techniques. It is also
seen to have an empirically good performance.
SVM has traditionally been used in classifications where the model learns to differentiate
between positive and negative
ve members of a class of nn-dimensional
dimensional vectors. The algorithm maps
the training set into a high-dimensional
dimensional feature space from a lower dimensional input space and
then in that space attempts to locate a plane that separates the classes concerned. The mapping is
performed with the help of a kernel function that implicitly maps the data to a higher infinite
dimensional plane. The kernel function ensures flexibility and adaptability in the model. A linear
solution in high dimension corresponds to a non
non-linear solution in the original lower dimension
(Figure 4.2).

Figure 4.2 Mapping of SVM from low
Figure 4.3 Hyperplane
plane estimation of SVM
dimensional input space to high dimensional feature space
(docs.opencv.org
docs.opencv.org)
(nectarineimp.com
nectarineimp.com)

Based on the hyperplane estimated by the model shown above in Figure 4.3,
4.3 it tries to predict the
class to which the unlabeled member belongs. The optimum hyperplane can be guessed even
when there are many such candidate planes present. The Statistical Learning Theory that governs
the selection
election of the hyperplane leads to maximum generalization while estimating the functions
in case of regression or function estimation and classification.
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4.1.2.2. Statistical Learning Theory
The Statistical Learning Theory is a concept in machine learning that is based on statistics and
functional analysis (Mohri et al., 2012). The theoretical problem is of finding a function that
predicts most effectively on a given data. Prediction involves learning and this learning may be
supervised learning, unsupervised learning, online learning etc. Supervised learning is
considered the most suitable and accurate form of learning since it involves learning from a
given training data. At every point there is an input that is matched to the output (input-output
pairing). The most appropriate function that maps the input on to the output is to be inferred and
the function estimated is then applies to the future to predict. These learning functions may either
be regression-based or classification-based.
4.1.2.3 Structural Risk Minimization
Structural Risk Minimization (SRM) theory is used in the SVM for model selection in training. It
is a general model designed for capacity control to ensure a trade-off between the space
complexity (VC dimension of approximating functions) and the empirical error that indicates the
quality of fitting the training dataset. The VC dimension (VC dim) indicates the maximum
number of points that can be separated in the largest number of ways by a given set of functions.
For hyperplanes in Rn, the VC dimension can be shown as n+1. VC dim is a measure of the
capacity or complexity of the model. If a large number of phenomena are considered with a set
of functions, then the values of the VC dimension will be large.
Test Error ≤ Training Error + Complexity of set of Models
(4.1)
•
•
•

The complexity function explained in the Eqn 4.1 is known as the regularizer
If a function explains a lot, the training error will be low. But there may be a tendency to
overfit
But if simple set of models (model complexity is low) are used, the training error will be
high (Figure 4.4)
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Figure 4.4 Structural Risk Minimization (Tutorial on Support Vector Machine, Washington State
University)

4.1.2.4 Concept of Overfitting
Overfitting occurs within statistical or machine learning, when the model begins considering the
noise or the random error within the data as the estimated relationship. Such a case arises when
the model is highly complex in nature and has more parameters than the number of observations.
Overfitting causes poor performance of the model and usually tends to exaggerate even minor
fluctuations in the data.
The efficacy of a learning model is judged not by its performance on the learning data but its
accuracy in prediction. So the aim of such models is to generalize. But Overfitting occurs when
the model begins to memorize the training data rather than generalize the trend behind the data.
Various techniques like cross-validation, regularization, pruning and early stopping etc can be
accommodated in the model to stop Overfitting. It can be handled by either penalizing models
that are very complex or to test the model’s ability to generalize on data that is unseen to it.
•
•
•

If the validation error increases and has a positive slope, while the training error
decreases with a negative slope, then Overfitting has occurred
Most simple models suffer from Overfitting since they begin memorizing the training
data without understanding the trend
The best performing predictive models are the fitted models where the validation error
has its global minimum
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4.1.2.5 Least Square-Support Vector Machine (LS-SVM)
The LS-SVM is a popular version of the SVM that has been used for classification and function
estimation. The version has been proposed by Suykens and Vandewalle (1999). The LS-SVM is
a more simplified version of the SVM, preserving the original qualities of SVM (Zhou, et al.,
2011), yet has low computational cost and good generalization performance (Sachindra et al.,
2011) . Unlike the SVM that finds solution by using complex quadratic programming, the LSSVM solves a set of linear equations. The LS-SVM is subjected to equality constraints and the
squared error terms. It is a more simplified algorithm unlike the SVM where the model
complexity (which is determined by the number of hidden layers) follows the convex
optimization problem. This enables the LS-SVM to get trained with far less effort. It is used for
robust non-linear function estimation since it can handle highly non-linear and noisy data as
well, whereas the SVM can only be applied to static problems like classification and function
estimation.
4.1.2.6 Derivation of LS-SVM
N

Given a training set of N data points { y k , x k }k =1 , where x k ∈ R n is the k-th input pattern and
y k ∈ R is the k-th output pattern, the classifier can be constructed using the SVM in the form:

N

y ( x) = sign ∑ α k y k K ( x, x k ) + b 
 k =1

(4.2)
Here, α k are called support values and b is the scalar bias constant (Suykens, 2001). The K (⋅,⋅)
is the kernel, which can either be a linear SVM or a polynomial SVM of degree d or a Radial
Basis Function (RBF), where κ θ , and σ are constants.
The problem of classifying two binary classes is defined as follows:

wT ϕ ( xk ) + b ≥ +1 if y k = +1
 T
w ϕ ( xk ) + b ≤ −1 if y k = −1
(4.3)
This may also be written as the following:

yk [wT ϕ ( xk ) + b] ≥ 1, k = 1,..., N
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(4.4)
ϕ (⋅) is a nonlinear function mapping of the lower dimensional input space to a higher
dimensional feature space.
Then, LS-SVM classifiers
N

T

min J LS ( w, b, e) = w w + γ
1
2

w ,b , e

1
2

∑e

2
k

k =1

(4.5)
are subjected to the equality constraints (Least Square-Support Vector Machine)

y k [ wT ϕ ( xk ) + b] = 1 − ek , k = 1,..., N
(4.6)
The Lagrangian is defined as the follows:
N

{

L( w, b, e;α ) = J LS − ∑α k y k [ wT ϕ ( xk ) + b] − 1 + ek

}

k =1

(4.7)
with Lagrange multipliers α k ∈ R ( also called support values which are primarily involved in
training).
The Lagrange’s multiplier is a strategy to find the local maxima and the minima of a function
subject to equality constraints.
Next, the conditions for optimality are:

 ∂∂wL

 ∂∂Lb
 ∂L
 ∂ ek
 ∂L
 ∂α k

=0

→

=0
=0
=0

→
→
→

∑
∑

w=

N
k =1

α k y kϕ ( x k )

N

α k yk = 0
α k = γ ek
k =1

y k [ w T ϕ ( x k ) + b ] − 1 + ek = 0
(4.8)

for k = 1,..., N .
On the elimination of w and e we can get:

0

Y

 b   0 
  =  
ZZ T + γ −1 I  α  1v 
YT

(4.9)
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Where,

Z = [ϕ ( x1 ) T y1 ;...; ϕ ( x N ) T y N ], Y = [ y1 ;...; y N ], 1v = [1;...;1], e = [e1 ;...; e N ]

and α = [α1 ;...; α N ] .
Following which, Mercer’s (Mercer, 1909) condition is applied to the matrix Ω = ZZ T with

Ω kl

=

y k y l ϕ ( x k ) T ϕ ( xl )

=

y k y l K ( x k , xl )
(4.9)

4.1.2.7 Kernel Parameters
The kernel parameter, σ for radial basis function (RBF) kernel, can be selected by optimizing an
upper bound on the VC dimension. In the case of the LS-SVM, the support values are
proportional to the errors at each data point unlike the standard SVM where many support values
are typically equal to 0. The linear equations need to be iteratively solved. There are several
kernels that can be used in Support Vector Machines. These include linear, polynomial, RBF and
sigmoid function as explained below:
T

Linear
xi x j
 T
deg ree
Polynomial
(γx x + coefficient )
K ( xi , x j ) =  i j
2
RBF
exp(−γ | xi − x j |

T
 tanh(γxi x j + coefficient ) Sigmoid


(4.10)
The RBF is the most commonly used kernel type because it has a localized and finite response
across the entire range of x-axis (Tripathi et al, 2006). The selection of the kernel plays a very
crucial role in the performance of LS-SVM. An unsuitable kernel may result in a bad
performance by the model. Though there is no systematic technique to decide the right kernel
type, one has to depend on numerous experiments to determine this parameter.
LS-SVM has been run using the MATLAB/C toolbox for Least Squared Support Vector
Machine in the MATLAB environment.
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4.1.3 Multivariate Kernel Regression
4.1.3.1 Introduction
Kernel Regression Estimator uses the weighted sum of the observed Predictands. It is often used
as a powerful tool for smoothing, image and signal processing. However, this method becomes
computationally expensive when used for multivariate cases. The efficiency of the model can be
improved only when the neighbors are used within an effective range around a regression point.
Therefore, the identification of points with a given range determines the efficacy of the model.
Regression tries to find the conditional mean of Y on X; i.e. E[Y/X] for a given set of
observational data. Work on regression so far has been concentrated on least square regression
where the mean of a dependent variable Y is related to a set of independent variables X1, X2,
X3…..Xn.
n

Yi = α + ∑ β i X i + ε i
i =1

(4.11)
Where,
α is the common influence of all variables on the mean of Yi,
βi is a coefficient which represents the influence of a variable Xi on Yi
And ɛi is the error term denoting the difference between the observed values of Yi and the
conditional mean of Y on Xi
The relationship between the independent variable(s) and the dependent variable, is expressed by
the linear equation with α and βi, can be formed with the minimization of the sum of the squared
errors. The above equation (4.11) requires a function that describes the relationship between X
and Y. The form of this function and the presence or absence of parameters determines if the
model is parametric or non-parametric statistics respectively.
4.1.3.2 Derivation of Kernel Regression
To find the relationship between X & Y, a density estimator for Y given X is constructed. This
density estimate shows the conditional expectation of Y on X (Shashikanth and Ghosh, 2013).
It is known that the conditional expectation of Y on X is
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^

Y = E (Y | X = x )
(4.12)
The regression equation mentioned below:
n

^

Yi = α + ∑ β i X i + ε i = Y + ui
i =1

(4.13)
Becomes

Yi = E (Y | X = xi ) + u i
(4.14)
The conditional moment m(xi) (conditional expectation of Y on X) in the linear least squares
case is,
n

^

Yi = E (Y | X = xi ) = α + ∑ β i X i = m( xi )
i =1

(4.15)
Using the concept of conditional moment, the regression equation becomes

Yi = m( xi ) + ui
(4.16)
In non-parametric statistics, instead of estimating m(xi) with parameters that describe a linear
relationship between X and Y, a kernel density function is used to estimate the conditional
moment at an x*. This estimate is seen to be smoother than other methods of nonparametric
density estimation after which the function below must be satisfied:
∞

∫ K (ψ ) dψ = 1

−∞

(4.17)
Where,

*

( xi − x )
h
h = bandwidth (also known as window width)

ψ

=

In the case where the uniform kernel density function is used (i.e., where each observation in the
range is equally weighed with a value of 1), the conditional moment is
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∑
m ( x*) =
^

n

i =1

yi

n

(4.18)
Thus, kernel regression belongs to a non-parametric smoothing technique where the weighted
sum of all the observations is used along with the kernel density function weights as follows
(Nadayara, 1964):

E (Y / X ) = m ( x ) = ∫ yf ( y / x ) dy =

∫ yf ( y, x)dy
∫ x( x)

(4.19)
Where m(x) is the conditional expectation function X, Y is the predictand, f(Y/X) is the
conditional probability density function (pdf) of Y given X=x
The kernel bandwidth is a free parameter that has been produced using the AMISE method and
exhibits a strong influence on the performance of the estimate.
Nadayara-Watson kernel regression algorithm based on the Gaussian kernel has been used for
the current study. The default bandwidth has been derived from the optimum bandwidth of the
Gaussian kernel density function. The algorithm was run in the MATLAB environment.
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4.1.4 Steps adopted for Statistical Downscaling
The steps shown in Figure 4.5 were adopted for downscaling:
Extraction of values

Screening of predictors

Bias Correction

Model Calibration and Function Estimation

Model Validation

Prediction

Calculation of Performance Indices

Figure 4.5 Steps for statistical downscaling

•

Extraction of values from NCEP/NCAR and CMIP5 GCM:
The datasets were available in netCDF format. Values have been directly extracted one
variable at a time. The data for statistical downscaling was eventually arranged in tabular
format. The predictors for the training period have been extracted from the NCEP/NCAR
data for the training and validation period and from the CMIP5 for the future period. The
training period for each of the stations was different from each other (approximately a
time span of 30 years was considered) and have been determined so by the availability of
data. In the study undertaken, spatial downscaling has been performed at a daily time step
at a site-level.

•

Screening of predictors:
Appropriate predictors have been considered in order to screen the ones having least
influence of rainfall (Hewitson and Crane, 1996). Karl Pearson’s coefficient of
- 50 -

STATISTICAL DOWNSCALING OF GCM OUTPUT, HYDROLOGICAL SIMULATION AND GENERATION OF FUTURE SCENARIO USING VARIABLE INFILTRATION CAPACITY (VIC) MODEL FOR THE
GANGA BASIN, INDIA

correlation has been calculated to determine the appropriate predictors. The calculation of
correlation deferred from station to station depending on the nature and characteristics of
the atmospheric circulation variables and the predictand (in this case, rainfall) to be
downscaled. Only predictors which showed reasonable relationship with the predictand
have been used in the study. Variables satisfying the following criterion were selected:
a. Predictors reliably simulated by the GCM
b. Predictor variables strongly correlated with the predictand
c. Proved by literature as good predictors
•

Bias Correction:
Bias correction can be done in the form of re-gridding or quartile based corrections or by
standardization of the data (Wilby et al., 2004). The numerically solved fundamental
equations in GCM contain certain systematic errors (known as bias), that needs to be
corrected based on the observed data. Standardization is primarily done to reduce the
systematic biases in the mean and variance of GCM predictors in relation to reanalysis
data. The standardization process scales down the data and eliminates the dimensions in
each variable.
Thus, Standardization has been performed by subtracting the mean from each value and
dividing by the standard deviation. The predictors for the simulated period and the future
period have also been standardized based on the baseline period. The baseline period was
taken as a 30 year bracket; which is considered sufficient to establish reliable
climatological trend.

•

Model Calibration and Function Estimation
For the present study, the model has been calibrated for 30-35 years (1975-2005) on an
average for each station and validated for a period of one month in one year since the
downscaling model was to be run for August, 2040 (Figure 4.6).
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Figure 4.6 Methodology for calibration and validation of downscaling model

o Model Calibration of LS-SVM:
LS
The LS-SVM regression
egression model has two tuning parameters γ and σ2 where γ is the
regularization parameter which determines the magnitude for penalty of the soft margin
and σ2 which is the kernel parameter for the RBF kernel selected.

K ( X , Y ) = exp(− X − Y

2

/ 2s 2 )

(4.20)
The Radial Basis Function is in the Gaussian form where s is the width of the kernel, set
in the median of the Euclidean distance of the two classes. The RBF kernel can
effectively map non--linear predictor-predictand
predictand relationships to a higher dimensional
feature space (Lin et al., 2006). Thus, specifying the SVM requires two parameters also
known as the hyperparameters.
Tuning of these parameters has been done with respect to the given performance
measure. This leads to an improvement in the optimization efficiency since it reduced
the sensitivity of the algorithm of the initialization parameters considerably while
guiding the optimization process to quasi-optimal
quasi
runs.
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The optimization in LS-SVM is a two step process - CSA and Optimization routing:
 CSA: Coupled Simulating annealing
 Second optimization routing for fine tuning: Either Simplex or Grid Search can
be selected for optimization. Simplex is an optimization algorithm suitable for all
kernels unlike grid search which is used only in 2-Dimension and line search
which is used in Linear Array (Figure 4.7). The simplex algorithm has been used
as the model parameter for optimization in the present study
 Cross-Validation Technique: The ‘LEAVEONEOUT’ cross validation technique
has been used for determining the cost function and controlling the amount of
Overfitting in the model
 MSE: Mean Square Error has been used to assess the amount of fit and the
measure of the global distance (Cost measure of residual).
 The support values (α) and the bias scalar term (b) have been determined during
the training of the model.


Figure 4.7 Hyperparameters obtained

This leads to a linear system in the LS-SVM, instead of a quadratic programming
problem as in the case of SVM.
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Figure 4.8 Training of LS-SVM

 Once the training was completed (Figure 4.8), the function was plotted.
 This was helpful in understanding if the model has been trained well or not. If
not, the entire process was redone iteratively until the results were satisfactory.
o Model Calibration of Kernel Regression
The calibration of the Kernel Regression model has been done by the selection of the
appropriate bandwidth. This forms an important step in the kernel estimation method.
The initial value of the kernel bandwidth (h) was obtained from the predictor and the
predictand of the training period. But the value was manually adjusted to get the best
performance from the model
•

Model Validation:
The model validation has been based on a simulation on an independent data (data that is
not a part of the training set and belonging to an independent “test” set) with the fixed
optimum values that were yielded during the calibration process. In this process the
model was evaluated at every given point. The simulated values were subsequently
plotted with respect to the observed values into a fitted curve to check the accuracy of the
results.
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•

Prediction:
The function (with the tuning parameters of the calibrated model) seen to simulate the
independent dataset most accurately has been applied on the set of GCM Predictors for a
future period of time.

4.1.5 Evaluation Criteria for Downscaling Models
The following performance indices have been adopted to assess the performance of each
downscaling model. Each of the statistical measure was calculated for the model outputs. Finally,
a comparison has been drawn between the two transfer functions. The study has also determined
the best performance indices to judge downscaling models.
4.1.5.1 Graphical Representation
The performance of the model on the independent test dataset has been visually interpreted by
plotting the observed data and the simulated data. This is because visualization is a very
powerful tool to qualitatively understand how close the simulated is to the observed values.
4.1.5.2 Sum of Rainfall
The sum of the total daily rainfall for the simulated period and the sum of the total rainfall for the
observed period has been compared to understand the performance of the model. Conceptually,
the observed and the simulated annual rainfall should be equal. If a few more statistical
inferences like the number of rainy days etc could also be calculated, it would give a more
comprehensive idea about the performance of downscaling. However, this will not help in the
evaluation of models that give mean values for the whole simulation period.
4.1.5.3 Root Mean Square Error (RMSE)
Alternatively known as the Root Mean Square Deviation (RMSD), the RMSE is commonly used
to measure the difference between the values predicted by the model and the values observed.
The individual differences are known as the residuals and the RMSE aggregates these residuals
to measure the predictive power. The RMSE with respect to an estimated variable Xmodel is
defined as the square root of the mean squared error with:

RMSE =

∑

n
i =1

( X obs, i − X mo del , i ) 2
(4.21)

n
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Where, Xobs is observed values and Xmodel is modeled/simulated values
The calculated RMSE has units so it is not useful to compare two quantities in different units.
The RMSE has been used to evaluate the model’s performance for the validation period.
4.1.5.4 Pearson correlation coefficient
The correlation coefficient has been known to indicate the strength and the direction of the linear
relationship between two variables. The most commonly used coefficient is the Pearson productmoment correlation coefficient that is obtained by the division of the covariance of the two
variables by the products of the standard deviations. If there are n observations and n model
simulated values, then the correlation coefficient measure is used to estimate the correlation
between the two:

r=

∑
∑

n
i =1

n
i =1

( xi − x) ⋅ ( yi − y )

( xi − x) 2 ⋅

∑

n
i =1

( yi − y ) 2

(4.22)
The interpretation of the measure is also equally important. It ranges between +1 to -1. A
correlation of +1 show perfectly increasing linear relationship and -1 show a perfectly decreasing
linear relationship, and the values in between indicates the degree of linear relationship between
modeled and observational data. Whereas, a correlation coefficient of 0 indicates that there is no
linear relationship between the variables.
4.1.5.5 Nash Sutcliffe Coefficient
The Nash Sutcliffe (N-S) Coefficient (Nash and Sutcliffe, 1970) is commonly used to assess the
predictive power of hydrological model. However, it is capable of quantitatively describing the
accuracy of any model.

∑
E = 1−
∑
n

i =1
n

( X obs,i − X mo del ) 2

i =1

( X obs,i − X obs ) 2

(4.23)
Here, Xobs is observed values and Xmodel is modeled values. The N-S Coefficient ranges between ∞ to 1. An efficiency of 1 means there is a perfect match between the model output and the
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observations. An efficiency of 0 means the model predictions are about the values of the mean of
the observed data. But the negative values of efficiency indicate that the observed mean is a
better predictor than the model. Thus, it can be concluded that the closer the N-S coefficient is to
1, the better the performance of the model (Chen et al, 2012).
4.1.5.6 Percent Bias (PBIAS)
The PBIAS has also been calculated between the observed and simulated. The PBIAS expressed
as percentage measure the average tendency of the simulated data to be larger or smaller than
their corresponding observed values (Gupta et al., 1999).
The equation for the measure is as follows:
 n

obs
sim
 ∑ (Qi − Qi )*100 

PBIAS =  i =1
n
obs


Q
∑i =1 i



(4.24)
Where, Qi

obs

indicates observed value and Qi

sim

simulated value and n is the total number of

days in the series
 Optimal value for PBIAS is considered to be 0
 Positive values indicates underestimation bias
 Negative values indicates overestimation bias
 Low-magnitudes indicates accurate model simulations
4.1.5.7 RMSE-observations standard deviation ratio (RSR)
First proposed by Moriasi et al., 2007, the RSR standardizes the observations-standard deviation
and is calculated as the ratio of RMSE and the standard deviation of measured data.

RSR =

RMSE
STDEVobs
(4.25)

 RSR has an optimal range of 0 to a large positive value
 Lower the RSR, lower the RMSE, the better the model
 Values must be preferably lesser that 0.70
The above listed seven statistical measures have been calculated to assess the performance of the
models.
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4.2 Methodology for Variable Infiltration Capacity (VIC) Model
Variable Infiltration Capacity (VIC) model developed by Gao, et al., 2009 at the University of
Washington, Department of Civil and Environmental Engineering is a semi-distributed
macroscale hydrological model that works on both water and surface energy mode within a grid
cell and captures sub-grid variation effectively. The hydrological model uses inputs from both
space-borne sources as well as ground-based inputs. Primary characteristics of the model
includes subgrid variability in land surface vegetation classes, soil moisture storage capacity and
drainage from the lower soil moisture zone also known as baseflow as a non-linear flow; and the
inclusion of topography that allows for orographic precipitation and temperature resulting in a
more realistic simulation of the mountainous terrain. The model accepts multiple soil layers with
variable infiltration and non-linear baseflow.
VIC contains a routing model that is based on a linear transfer function to simulate streamflow
for the basin. The routing module can be effectively used for implementation of water
management policies for irrigation and reservoir operations. VIC has been well calibrated and
validated since its existence for a number of large basins and can also accommodate GCM
simulations effectively. It has since been used for water resources management studies and
climate change impact studies.
The model comprises of two working modules: the VIC Module and the Routing Module. It
must be noted that the VIC model works at both daily and sub-daily time step. The current study
uses daily downscaled data to simulate streamflow on a daily time-step.
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Figure 4.9 Methodology of VIC

The VIC model has been run on the VIC tool (Figure 4.10) that was developed as part of the
ISRO-GBP
GBP Project on LULC dynamics and impact of human dimensions in Indian River Basins,
IIRS Dehradun

Figure 4.10 VIC Tool
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The inputs for the model are listed below:







Terrain (Elevation, Slope, Flow Direction)
LU/LC
Vegetation Properties (LAI, Albedo, Root distribution, Canopy Resistance)
Soil Properties (Layer-wise physical texture and hydraulic properties)
River discharge data
Meteorological inputs from downscaled GCM: Daily inputs of Precipitation, Temperature
(Tmax and Tmin) are a must. Optional are wind speed and Short wave and Long wave
radiations

4.2.1 Equations governing VIC
4.2.1.1 Water balance
The VIC model in the water balance mode follows the following continuous equation for each
time-step (Liang et al., 1994):
∂S
= P − E − R
∂t
(4.26)
Where, dS/d is the change in the water storage, P is the precipitation, E is the evapotranspiration
and R is the runoff. The units for all of the above variables are mm.
Over vegetated areas, the water balance equation in the canopy layer (including interception) is:
∂W i
= P − E c − Pt
∂t
(4.27)
Where, Wi is the canopy intercepted water (in mm), Ec is evaporation from canopy layer (in mm),
and Pt is througfall (in mm).
4.2.1.2 Evapotranspiration
The model considers three types of evaporation namely evaporation from the canopy layer
(denoted by Ec, in mm) for each vegetation class, transpiration (denoted by Et,in mm) and
evaporation from bare soil (denoted by E1, in mm) .
The sum of the above three types of evaporations accounts to the total evapotranspiration;
weighted by the surface area cover fraction.
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N

E=

∑C

n

⋅ ( E c , n + E t , n ) +C N +1 ⋅ E1

n =1

(4.28)
N +1

Where, Cn is the fractional vegetative coverage, CN+1 is the bare soil fraction, and

∑

C

n

= 1.

n =1

The summation of all fractional vegetative coverage must add upto 1.
4.2.1.3 Canopy Evaporation
The canopy evaporates maximum where water is intercepted in the leaves. Thus, the maximum
*

canopy evaporation (denoted by E c , in mm) is calculated as follows:

E c* = (

Wi 2/3
)
E
W im

p

rw
r w + ro

(4.29)
Here, Wim is the maximum potential of water that can be intercepted (mm). r0, the architectural
resistance is caused due to the humidity gradient between the canopy and the air. Each land
cover type carries a unique value of this variable.
The aerodynamic resistance, rw, describes the heat and water transfer from the canopy to the air
surrounding it (in s m-1). Ep by convention is the potential evapotranspiration (in mm) computed
using the Penman-Monteith equation. The canopy resistance has been considered as 0.
4.2.1.4 Vegetation Transpiration
The vegetation transpiration is calculated using the equation stated below:

E t = (1 − (

Wi 2/3
)
)E
W im

p

rw
r w + ro + rc

(4.30)
Where, rc is the canopy resistance (in s m ) and r0c is the minimum canopy resistance (in s m-1)
-1

rc =

r 0 c g T g vpd g

PAR

g sm

LAI

(4.31)
The equation stated above is for the canopy resistance; where, gT, gvpd, gPAR, and gsm are the
temperature, vapor pressure deficit, photosynthetic radiation flux, and soil moisture factors
respectively.
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The details of the above equations can be found in Gao et al., (2009).
4.2.1.5 Soil Moisture and Runoff
The VIC model is based on the variable infiltration curve mentioned in Zhao et al., (1980) to
accommodate the “spatial heterogeneity of runoff”. The infiltration curve indicates the
infiltration capacity over a fractional area. The model assumes that surface runoff from the top
two soil layers is generated by those areas for which precipitation in the form of rainfall, when
added to soil moisture storage antecedently, exceeds the storage capacity of the soil.
The total runoff Q can be expressed similar to the total evapotranspiration as:
N +1

Q = ∑ C n ⋅ (Qd ,n + Qb ,n )
n =1

(4.32)
Where, Qd,n (in mm) and Qb,n (inmm) are the direct runoff and base flow (subsurface runoff) for
each land cover grid.
The details of other parameters such as bare soil evaporation, Energy balance equation etc can be
found in Gao et al., (2009).
4.2.2 Preparation of Inputs for VIC
4.2.2.1 Generation of Grid
The preparation of the grid for the extent of the basin requires the spatial resolution at which the
VIC model needed to be run. The model has been decided to be run at 25 km*25 km resolution.
Fishnet has been generated over the area of the basin covering its entire geographical extent at
the resolution of 25km*25km in ArcGIS. The Grid generated contains 42 rows and 62 columns,
with the count starting at the upper left corner and going right downwards. The total number of
grids is 2729. ‘Run grids’ were the grids that fall within the basin and are the grids that have
been considered for all the simulation in the VIC (counted to be 1387). Likewise the rest have
been considered ‘non-run grids’, i.e. grids not contributing to the basin or having fallen out of the
study area as shown in Figure 4.11. The fishnet shapefile generated were filled with the attributes
enlisted in the Table 4.1 below:
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Table 4.1 Description of Grid file
Attributes
Latitude
Longitude
Grid number

Soil_1

Remarks
Contains central latitude in degrees of each grid cell
Contains central longitude in degrees of each grid cell
Contains grid number starting from top left corner and going in right
down
Either equal to 1 or 0 depending on whether the grid lies inside the
basin or not, respectively
Soil index code for the first soil depth layer

Soil_2

Soil index code for the second soil depth layer

Slope
Elevation
Rain

Mean slope gradient in m/m
Mean elevation of each grid in meters
Mean annual rainfall of each grid in mm

Run grid

Figure 4.11 Grids generated for Ganga basin

To prepare the attributes of the grids the following procedure has been followed:
• Digital Elevation Model
DEM generated from satellite data has been used for getting the elevation data for the
given study area. GTOPO30 (30 Arc Second) DEM, with a resolution of 1km has been
used for the preparation of the elevation map and the slope gradient in m/m.
- 63 -

STATISTICAL DOWNSCALING OF GCM OUTPUT, HYDROLOGICAL SIMULATION AND GENERATION OF FUTURE SCENARIO USING VARIABLE INFILTRATION CAPACITY (VIC) MODEL FOR THE
GANGA BASIN, INDIA

•

Soil
NBSSLUP data has been used for the Indian Territory and FAO for Nepal. Recoding was
done after the soil codes were entered. Each grid cell has been assigned with a soil
texture ID for identification.

•

Rainfall
For 2004 and 2005, mean annual rainfall map was generated using the IMD’s gridded
dataset such that each grid carried a distinct value of rainfall value. And for 2008,
precipitation data from NCEP/NCAR reanalysis product, that were spatially
disaggregated to 1º by using relationships developed with the Global Precipitation
Climatology (GPCP) daily product has been used.

4.2.2.2 Preparation of Soil database
The soil parameter file generated, describes the characteristics of each of the considered soil
layer for each grid as shown in Table 4.2.
Table 4.2 Soil parameters description
Sr.
no.

Paramet
er name

Unit

Description

Calibrated

1

RUN

n/a

Equal to 1 for run grid and
equal to 0 for non-run grid

n/a

2
3
4
5

Grid No
Latitude
longitude
binfilt

n/a
degree
degree
n/a

Grid cell number
Grid centre latitude
Grid center longitude
Variable Infiltration
curve parameter.

6

Ds

fraction

Fraction of Dsmax where
non-linear baseflow occurs

n/a
n/a
n/a
Ranges from 10 -5 to 0.4, more
the value more will be runoff
and lesser infiltration
Ranges from 0.001 to 1 but
kept less than 1. Higher value
indicates higher the baseflow at
lower water content in the
lowest soil layer.

7

Dsmax

mm/day

Maximum velocity
of baseflow

= Ksat × slope of grid cell

The
list
of
all
the
soil
parameters
can
be
found
on
http://www.hydro.washington.edu/Lettenmaier/Models/VIC/Documentation/SoilParam.shtml
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Figure 4.12 Soil Parameter file

4.2.2.3 Preparation of vegetation parameter file
The primary input to the vegetation parameter file is the Landuse-Landcover map since the
amount of precipitation that reaches the ground is largely dependent on the nature and the
density of the vegetation. Hydrological fluxes are largely seen to be influenced by LAI (Leaf
Area Index) property of any landuse land cover.
The LULC map prepared under the ISRO-GBP “Landuse/Landcover Dynamics and Impact of
Human Dimension in Indian River Basin” project has been used for the basin area in India, and
the LULC from the University of Maryland has been used for the basin area in Nepal. The LULC
map contained 14 classes namely woodleaf, wooded grassland, urban and built-up, open
shrubland, mixed forest, grassland, water, bare ground, cropland, closed shrubland, deciduous
needleleaf, evergreen broadleaf forest, evergreen needleleaf forest and deciduous broadleaf
forest. The maps were later recoded as per GLDAS since the vegetation library file was taken
from it. The vegetation library file contains land cover characteristics on a monthly average
basis.
The
vegetation
library
file
description
can
be
found
in
http://www.hydro.washington.edu/Lettenmaier/Models/VIC/Documentation/VegParam.shtml
The LAI vegetation parameter has been prepare by GLDAS using the UMD vegetation
classification scheme and other classifications including IGBP and NCAR scheme. These
parameters were averaged to form a generic parameters value. The file also includes the
vegetation database file including rooting depth (root zone thickness) and rooting fraction
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(Fraction of the root in the current root zone) for each LULC type. The vegetation parameter file
(Figure 4.13) has been prepared using this file, the vegetation library and the grid shapefile.

Figure 4.13 Vegetation parameter file

4.2.2.4 Preparation of Forcing files
Meteorological forcing files were prepared using the IMD gridded data available for India with
precipitation at a spatial resolution of 1° and minimum and maximum temperature at 0.5º. A
meteorological forcing file was generated for each grid cell and named as “data_<lat>_<long>”.
VIC requires a minimum of three meteorological variables: Tmax- Daily maximum temperature
(in °C), Tmin- Daily minimum temperature (in °C) and Precp- Daily precipitation (in mm). The
meteorological files have been saved in ASCII format.
For the future period (August, 2040), downscaled precipitation along with daily average for 30
years of minimum and maximum temperature was used to force the VIC Model. Since the
downscaling was to be performed at a station level and only four stations were statistically
downscaled, the remaining study area was allotted the hydro-meteorological variables carried by
the four stations using Thiessen Polygon technique.
4.2.2.5 Generation of Global Parameter file
A global parameter file was generated by the VIC Model. The parameter file contains the user
preferences and the parameters that have been prepared, including information about the number
of layers, time step, location of the input and the output files and the modes which are to be
activated.
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4.2.3 Running VIC
 The VIC files were first prepared by the VIC tool. Once the input files were ready, the
model was run
 Pressing enter runs the model. During its run, model may stop in places where it
encounters any error. Once the error is corrected, it runs from the start.

The VIC model has been run in CYGWIN rather than in the tool since the CYGWIN is a
more interactive environment. It supports errors messages to instantaneously display as
shown in Figure 4.14.
 The VIC tool has an added feature that can generate a tabular analysis of the output
fluxes

Figure 4.14 Screenshot of VIC run

The VIC model has been run to generate the water balance component for the basin. But, in
order to understand the hydrological scenario of a future time period; it was essential to simulate
streamflow. The streamflow was generated through the routing module of VIC
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4.2.4 Equations Governing Routing
4.2.4.1 Routing within a Grid Cell
The routing within a grid is done to simulate the horizontal routing process that separates the fast
and the slow components of discharge with a linear model:

dQ S ( t )
= − k ⋅ Q S (t ) + b ⋅ Q F (t )
dt
(4.33)
Where, Q (t) is the slow flow whereas Q (t) is the fast flow and Q(t) is the total flow with Q(t)
being the sum of the slow and fast flow.
S

F

The parameters b and k are assumed to be constant for any basin. The ratio of b to k represents
the ratio of slow flow over fast flow. The two types of flow can be represented as follows:
t

Q (t ) = b ∫ exp(−k (t − τ ))Q F (τ )dτ + Q S (0) exp(−kt )
S

0

(4.34)
The expression above shows that the initial boundary condition decays exponentially with 1/k,
the mean residence time and the half-life decay which is represented by T1/2=(ln2)/k.
The following discharge equation can be solved with:

Q S (t ) =

exp(−k ⋅ ∆t ) S
b ⋅ ∆t
Q (t − ∆t ) _
Q(t )
1 + b ⋅ ∆t
1 + b ⋅ ∆t

(4.35)
It is assumed that there exists a linear relationship between the measured streamflow and Peff
which is the part of the precipitation that contributes to streamflow. With the above stated
assumption, the unit hydrograph and the Peff, with the impulse response function one can
iteratively solve and find using:
t max
F

Q (t ) =

∫ UH

F

(τ ) P eff (t − τ ) dτ

0

(4.36)
F

Where, UH (τ) = unit hydrograph for the fast flow component
tmax = time taken for all fast processes to decay.
F
The equation below can be solved iteratively for the calculation of UHi .
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   =   . 
  
 F   eff

eff
F 
 Qn   Pn  Pn − m+1 UH m−1 
(4.37)
The following constraint is applied after individual iterations:
m −1
1
F
with UHi ≥ 0 ∀i
UH iF =
∑
b
i =0
1+
k
(4.38)
The calculated UH is put into a discrete equation stated below to solve for P . After each
F

eff

iteration the following constrained is applied ( 0 ≤ Pi

 QmF  UH mF−1  UH 0F 0  0

 
    0     

=
         0
 Q F   0  0 UH F  UH F
m −1
0
 n  

 eff
 P1

 
 P eff
 n


eff

≤ Precipitation, ∀ i ).






(4.39)

The updated Peff is put back into the first equation and the process is repeated until convergence
finally occurs.
4.2.4.2 River Channel Routing
A simple linear river routing model following the linearized Saint-Venant equation is used for
routing. Here, the model makes an assumption that water is transported in the form of river flow.

∂Q
∂ 2Q
∂Q
= D 2 −C
∂t
∂x
∂x
(4.40)
Where, C denotes the wave velocity and D diffusivity
Both C and D are considered efficient parameters since there may occur cases of more than one
river in one grid due to the coarseness of these grids. Through this process each grid cell ends up
with a C and a D value representing the transport of water within a cell
The equation is solved with convolution integrals as follows:
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t

Q ( x, t ) = ∫ U (t − s ) h( x, s ) ds
0

(4.41)
Where,
h( x, t ) =

x
2t πtD

exp( −

(Ct − x ) 2
)
4 Dt

is the Unit hydrograph (mentioned in the last derivation) with h(x,0)=0 when x>0 and h(0,t)=δ(t)
for t≥0. The linearity of this arrangement ensures the modeling of man-made structures and
human activities on the river.
4.2.5 Preparation of Inputs for Routing model
The primary inputs for the routing model were:
• Flux files
• Flow direction file
• Fraction file
• Station location file
• Unit hydrograph file
The flux files, flow direction file, station location file and the unit hydrograph files are
mandatory inputs into the routing module.
4.2.5.1 Preparation of Flux files
The output of the VIC Module are flux files which contain fluxes of surface runoff,
evapotranspiration, baseflow, soil moisture etc for each grid in the study area. The flux files
should be generated without headers. The files should also not contain any ‘nan’ value (the nan
values must be converted to 0.0000.See APPENDIX).
4.2.5.2 Preparation of Flow direction file
Flow direction file has been generated from the GTOPO DEM with the same cell size as the
spatial resolution of the grid file. The flow directions were then recoded according to the codes
required by the VIC routing module as shown in Table 4.3.
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Table 4.3 Conversion scheme of flow direction
Direction
Flow Direction Code by
According to VIC
convention
source code
North
64
1
North-East
East

128
1

2
3

South-East
South

2
4

4
5

South-West
West
North-West

8
16
32

6
7
8

Figure 4.15 Flow direction file

3.2.5.3 Preparation of Fraction File
Fraction file contains the fraction of each grid in the study area. Each grid represents the
numerical value between 0 and 1. The grids outside the basin boundaries were assigned the value
of 0, which was considered as NO DATA. The following steps have been followed for the
preparation of the grid file:
 Basin boundary and grid file were converted into feature class
 Only the run grids were selected
 With the current selection, the grid file was converted into a new feature class
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 The basin boundary shapefile and the resultant shapefile were then intersected to give the
area of each grid cell
 The area field formed was divided with 0.0625 (area of square grid) to give the fraction
of each grid lying within the basin

Figure 4.16 Flow fraction file

3.2.5.4 Preparation of Station location file
The station location file contains details of the row and column in the grid shapefile to which
each of the stations being used for calibration and validation belong to. The file contains the
following details:
 1 or 0 depending on whether the station is active or not
 Station name
 Column from left
 Row from bottom
 Basin area which is not used by the model in the present version, yet needs to be
mentioned
 Whether routing model needs to generate uh_s for each of the stations. This is by default
set to NONE
3.2.5.5 Preparation of Unit Hydrograph
The unit hydrograph file contains the grid cell impulse response function whose sum over all the
months will always be equal to 1. Details about the generation of the unit hydrograph file has
been
mentioned
in
http://www.hydro.washington.edu/Lettenmaier/Models/VIC/Documentation/Routing/UH.shtml
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4.2.6 Running Routing module
The routing module has been developed by Lohmann et al., 1998. The route source code has
been executed in LINUX environment.
 An input-output text file was created with details of the paths of the input fluxes, flow
direction file, flow fraction file, period of simulation etc
 MAKE command was used to compile the route code. The MAKE command compiles
the MAKEFILE and creates an executable file
 ./rout <path where input-output file is saved with the name of the file>.txt
 Enter is pressed to run the routing model. Output includes daily, monthly, yearly
streamflows in mm and cfs (cubic feet per second) for each of the specified stations in the
station location file
4.2.7 Calibration and Validation of VIC
Calibration has been done by adjusting the Infiltration parameters (binfilt) and the baseflow
parameters like fraction of maximum baseflow (Ds) and fraction of maximum soil moisture
content of the third layer (Ws), at which the non-linear baseflow takes place. The soil properties
have been altered since VIC primarily considers the infiltration capacity curve and the non linear
baseflow curve that is occurs predominant at the lower layers of the soil. The process continues
until the simulated streamflow is almost equal to the observed streamflows at the given outlets.
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CHAPTER 5
RESULTS AND DISCUSSION
5.1 Results of Statistical Downscaling
This section enumerates the results from the methodology adopted for statistical downscaling.
Downscaling has been performed for the following four stations listed in Table 5.1:
Table 5.1 Location of downscaled stations
Station
Kota, Rajasthan
New Delhi
Patna, Bihar
Indore, Madhya Pradesh

Lat
25.08° N
28.61° N
25.611° N
22.7253° N

Long
76.05° E
77.23° E
85.144° E
75.8655° E

5.1.1 Screening of predictor variables
Pearson Correlation was computed between individual predictors and predictand to identify
predictors that are most correlated with precipitation. Table 5.2 shows the list of predictors that
were selected for each station. However, it is to be noted that the correlation between daily small
scale and large scale variables will most likely be low (as shown in the table below), unlike
monthly simulations where the correlation can go upto 0.70 - 0.80. This is because GCMs
simulate more accurately on a monthly basis than on daily basis.
Table 5.2 List of predictors selected

1

Station
Kota

Predictors Selected
Eastward Wind

Pearson's Correlation
0.2459

2

Patna

3

Indore

4

New Delhi

Eastward wind
Northward wind
Air temperature
Relative Humidity
Specific Humidity
Eastward Wind
Northward wind
Eastward Wind
Northward Wind

0.0917
0.0974
0.0109
0.0516
0.0553
0.0946
0.0398
0.0703
0.1108
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Figure 5.1 Trend of the predictors showing maximum correlation with rainfall for Kota Station; Eastward
wind (in Green), Northward Wind (in Blue) and Geopotential Height (in Red)

5.1.2 Preliminary data analysis
Once the predictors were screened successfully, a preliminary data analysis was performed to
study the systematic errors, inconsistencies, gaps and trends in the long term climatic data. This
helped in getting a more comprehensive idea of the trends (Figure 5.1).
5.1.3 Bias correction
Bias correction was performed by subtracting the mean from each value and dividing this
expression by the standard deviation of the baseline period. The same mean and standard
deviation was then applied to the test period and the future period. Bias correction was
performed for many cases: such as for the entire period of simulation, for each individual month
etc and the results of each of them was analyzed for Kota, Rajasthan.
5.1.4 Model calibration and validation
→ The model calibration for LS-SVM was done by adjusting the gamma (regularization
parameter that indicates the magnitude of penalty of the soft margin) and the sigma2 term
which is the kernel parameter of the Radial Basis function (RBF).
Intuitively, gamma parameter defines how far the influence of a single training set
reaches with low values indicating far and high values indicating close. Whereas the
kernel parameter tries to make the decision surface smooth by trading off the
misclassifications in the training.
The plotting of the function after training gave an idea about how well the model has
captured the non-linear relationship between the predictor and the predictand
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→ The efficiency of the KR model depends only on the neighbors within the effective range
around a regression point; this effective range is given by the kernel density bandwidth
(h). The model generates a value of h from the training dataset which can be used to
check the correlation (with the same value) in the training data and the testing data
separately. The current study calibrates and validates the model depending only on the
independent test data. To get higher model efficiency in the testing data, the parameter
was iteratively changed and checked to get an optimum value.
Once the best possible training and validation methodology was determined after conducting
various experiments on Kota, the same methodology was applied to the remaining three stations.
Since the study also aims at drawing comparisons between KR and LS-SVM and select the more
suitable model for each station, the results of both the methods have been shown simultaneously
for each station.
5.1.4.1 Kota, Rajasthan
The following experiments were conducted for Kota, Rajasthan.
NOTE: Validation has been done for a period of 36 days (from 29th June to 2nd September). This
covers the entire monsoon month of August (Day 210th to Day 245th Julian day).
→ LS-SVM
Experiment 1: SVM was trained for the entire baseline period. The results were seen to be very
poor. Clearly, since the dataset had a majority of non-rainy days (rainfall=0), the model was
getting misled while training. It was concluded that non-rainy days should be eliminated from
the training set.
Experiment 2: Bias Correction was performed for all days of the baseline period. The LS-SVM
was trained for the entire baseline period with only the rainy days (rainfall > 0 mm) of the
baseline period being included in the training set. The model was arbitrarily simulated for the
duration of 7 years (2006-2012) as shown in Figure 5.2.
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Figure 5.2 Result of Experiment 2

The model simulated the test period very poorly. The poor performance was attributed to
redundant rainfall values in the training dataset. There was a possibility that many rainfall days
having the same magnitude of rainfall was corresponding to different values of predictors. The
function estimated for the above experiment shown in Figure 5.3 was seen to be a linear one,
unable to understand the non-linearity of the data.

Figure 5.3 Function estimated for Experiment 2

Experiment 3: The LS-SVM was trained for the rainy days in August for the entire baseline
period and simulated for August, 2012 (Figure 5.4). The experiment was performed to closely
study the trend in the performance of the model. The result was dissatisfactory with a Nash
Sutcliffe coefficient of -0.04256.
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Figure 5.4 Result of Experiment 3

Experiment 4: The SVM was trained for only monsoon month of August and bias corrected for
the same month with the following hyperparameters (Table 5.3) generated by the SVM after the
training process the training.
Table 5.3 Hyperparameters for Experiment 4
400
0.001

γ
σ2

The function was estimated to be a non-linear one (Figure 5.5), unlike the previous experiments
where the function was linear.

Figure 5.5 Function estimated for Experiment 4

The model was tested for the monsoon month of August for the year 2012 and the following
results were observed (Figure 5.6).
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Figure 5.6 Results of Experiment 4

It was observed that the model was simulating rainfall well and was effectively able to recognize
peak. However it was seen that the results seems to have a lag of 2 days between the simulated
and the observed data. One hypothesis to support this phenomenon could be that atmospheric
variables takes time to influence rainfall. However, this hypothesis cannot be verified in this
study. The Nash-Sutcliffe coefficient was seen to be -0.2495. Clearly, the model needed more
fine tuning and the hyperparameters obtained after training were not optimum.
→ Computation of Frequency distribution histogram
The statistical analysis of the rainfall was conducted to see how much percentage of the total
number of days experience high rainfall events. Histogram was computed to determine the peak
rainfall event and their magnitudes. The frequency distribution histogram in Figure 5.7 indicated
that more than 97% of the times rainfall was below 20 mm in Kota. Rainfall above 20 mm
occupied only 3.11% of the total rainfall events in the baseline period.
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Figure 5.7 Frequency distribution histogram
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→ KR
Experiment 1: KR was trained for the month of August (Julian Day 210 to Julian Day 245) of 35
years (1975-2011) and simulated for August, 2012
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Figure 5.8 Result of Experiment 1 (KR)

The result of the first experiment with KR (Figure 5.8) gave a satisfactory model performance
with a Nash Sutcliffe model coefficient of -0.01711. This indicated that the model was
simulating the mean of the observed. The parameter ‘h’ was optimally calibrated at 0.20.
Based on the frequency distribution of the histogram computed in the last section, the two peak
rainfall events with 93 mm and 26 mm rainfall were removed. This resulted in a good model
performance with a Nash Sutcliffe coefficient of 0.359627. The simulation for the experiment
has been shown in Figure 5.9.
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Figure 5.9 Result of Experiment 1 (KR) after the removal of high rainfall events

Experiment 2: In this experiment, only the hyperparameters were changed to h=0.10. It was
evident that the removal of peak rainfall events improved the model efficiency measure
substantially as shown in Figure 5.10. The model efficiency was calculated to be 0.309221.
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Figure 5.10 Changing kernel density bandwidth to 0.10

After a close analysis of the CMIP5 simulations, it was noticed that the GCM contained certain
systematic errors. A problem was creeping into the model because the NCEP/NCAR data had no
such inconsistencies. And so far, the training was being done only on the NCEP/NCAR. In order
to ensure that the model generalizes correctly, it was trained with both the baseline NCEP/NCAR
data and GCM data.
→ Determination of future methodology: A downscaling methodology was framed based on
the experiments conducted for Kota, Rajasthan, which was implemented for the
remaining stations as well. The methodology adopted was as follows:
 The SVM was trained for NCEP/NCAR (from 1975 to 2005) and for CMIP5 (from 20062011) and the model was simulated for August, 2012 for the purpose of validation. The
model was validated for one month only, since the primary objective was to make
predictions for one month (August, 2040). This methodology was seen to be most
accurate and was applied to the remaining stations as well
 The experiments conducted above indicated that training the model only for rainy days
gave more accurate simulation than training the model on a monthly basis or for all days
(including non-rainy days) for the baseline period
 Past literature and the experiments conducted in the course of the study proved that
statistical downscaling techniques were not capable of identifying extreme rainfall
events. This limitation of the model had to be accommodated for making advancement in
the current study. The goal was to evaluate if statistical downscaling models can
efficiently simulate the normal rainfall events, their intensities and frequency. It was also
determined that the removal of peak rainfall events from a training or simulation series
would not contribute in improving the performance of the models. Rather, it was more
suitable to statistically adjust theses extreme rainfall events to enhance the performance
of the models.
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→ Final Results
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Figure 5.11 Final downscaling result for Kota

LS-SVM was observed to be successful at picking up peak rainfall events. However, the model
was seen to be unable to simulate the magnitude of rainfall in such events accurately. It is to be
noted that the LS-SVM performed better than KR due to its ability to model high rainfall events
better (Table 5.4).
Table 5.4 Hyperparameters of SVM and computation of performance indices for Kota
300, 0.9
γ, σ2
-0.21259
Nash-Sutcliffe coefficient
0.1488
Pearson Correlation
268
Total rainfall observed
341.0626
Total rainfall simulated

5.1.4.2 New Delhi
The methodology described in sections above was applied for station New Delhi as well. The
training was performed from NCEP\NCAR and CMIP5 for a period of 35 years (1975-2010) and
validation was conducted for August, 2011. Northward and Eastward wind were selected as
predictors for the station.
→ LS-SVM
The results for the station were well within acceptable range. The function estimated at the
optimum hyperparameters has been shown below in Figure 5.2. The plot of the observed rainfall
and the model simulated rainfall (Figure 5.3) indicated that LS-SVM had simulated rainfall of
New Delhi satisfactorily. However, the model was seen to be failing in simulating the daily
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rainfall well. Statistical measures were used to assess the performance of the model. The
hyperparameters and the statistical characteristics of the results can be seen in Table 5.5.

Figure 5.12 Function estimated by SVM for New Delhi
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Figure 5.13 Results of SVM for New Delhi
Table 5.5 Hyperparameters of SVM and computation of performance indices for New Delhi
1000, 10
γ, σ2
0.6612
Nash-Sutcliffe coefficient
0.8172
Pearson Correlation
214.2
Total rainfall observed
223.47
Total rainfall simulated
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It is clear, that measures such as Nash Sutcliffe coefficient are highly influenced by only general
trends. By simulating the average value for each point, the model is managing a fairly high Nash
Sutcliffe coefficient. Clearly, the model finds simulation of stations with moderate rainfall more
difficult due to the lack of extreme values in the training set.
→ KR

Rainfall (in mm)

The results of kernel regression have been shown below in Figure 5.14. It is seen that the
technique is only able to simulate mean values but is fairly good in modeling normal rainfall
events as well as daily rainfall.
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Figure 5.14 Result of Kernel Regression for New Delhi
Table 5.6 Hyperparameters for KR and computation of performance indices for New Delhi
[0.05, 0.1]
Kernel density bandwidth (h)
-0.27896
Nash-Sutcliffe coefficient
-0.2271
Pearson Correlation
14.4338
RMSE
214.2
Total rainfall observed
214.7927
Total rainfall simulated

The range of N-S Coefficient is between –∞ to 1. A value near 1 is considered acceptable.
Though the N-S Coefficient is -0.27896, the correlation is seen to be very poor, estimating that
correlation coefficient is a poor estimator of statistical downscaling models (Table 5.6).
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5.1.4.3 Patna, Bihar
The downscaling models for Patna have been trained for period 1975-2008 using a combination
of Reanalysis and GCM Dataset and has been validated for 2009. The Northern and Eastward
wind has been again considered due to their high correlation with the predictand (rainfall).
→ LS-SVM
Patna experiences higher magnitude and frequency of rainfall as compared to the other
stations since it lies in the central Gangetic plains. The SVM shows interesting results for
Patna that exhibits a high rainfall intensity and frequency (Figure 5.15).
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Figure 5.15 Result of SVM for Patna

According to the graph, the model over-predicted the low rainfall events and under-predicted
in the high rainfall events. The performance in this station may be due to the presence of high
rainfall events in the training set, which might have caused the model to weigh its
components inaccurately (NOTE: Unlike ANN, SVM automatically adjusts weights
depending on the input and the output). The hyperparameters γ, σ2 were 600, 0.05
respectively.
→ KR
The KR Method as shown in Figure 5.16 was only successful in identifying the individual
events without being able to predict its magnitudes. The model was calibrated at h=0.5 and
h=0.9 for the two predictors. The NS Coefficient was calculated to be 0.09976.
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Figure 5.16 Result of Kernel Regression for Patna

5.1.4.4 Indore, Madhya Pradesh
→ LS-SVM
Indore was trained from 1975-2010 using NCEP/NCAR and CMIP5 data and validated for the
year 2011 with five predictors. It was seen that the inclusion of many predictors influencing
rainfall, improved the performance of the model. The result for the station was seen to be
accurate with N-S Coefficient of 0.81, after the adjustment of the peak rainfall event of 160 mm
(Figure 5.17).
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Figure 5.17 Result of SVM for Indore
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The other performance indices for the model can be seen in the table below (Table 5.7):
Table 5.7 Hyperparameters and computation of performance indices for Indore
100, 0.5
γ, σ2
0.81
Nash-Sutcliffe coefficient
446.7
Total rainfall observed
442.86
Total rainfall simulated

In the table above (Table 5.7), in spite of a very high N-S coefficient for the Indore station, the
RMSE was seen to 12.3378. Clearly, the RMSE seems to give a contradictory representation
about the capability of the model to simulate.
The function estimation for SVM as shown in Figure 5.18 depicts how the function plotted picks
most of the rainfall values in the training period, but fails to accommodate the high rainfall
values into it. This explains the incapability of the model the peak rainfall event of 160 mm.

Figure 5.18 Function estimated for Indore

→ KR
The KR technique had simulated well for Indore, in comparison to its performance at the other
stations, with a positive values of N-S Coefficient of 0.1918 and a considerably high correlation
of 0.4412. However the RMSE was seen to be 25.6098, reiterating that RMSE does not prove to
be a good indicator of the performance of a downscaling model. The model was calibrated at the
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obtained hyperparameters of the model at 0.35, 0.62, 0.62, 0.79, 0.82 respectively for the five
predictors considered.
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Figure 5.19 Result of Kernel Regression for Indore

5.1.5 Future Prediction
Using the above determined hyperparameters for each of the stations, predictions were made for
both LS-SVM and KR (Table 5.20). This was essential to understand the performance of the
models with respect to each other and draw comparisons between them.
A close investigation of the result indicated a similar trend in the predictions of LS-SVM and
KR. The individual characteristics of each of the models were preserved in the future predictions
as well. The observation made while analyzing the predictions were indicating the same
observations made during validation of these models.
Interestingly, both the models were seen to be consistently simulating the same trend in the
rainfall. However, the SVM was performing better in identifying magnitudes of the high rainfall
events.
It is however, to be noted at this point that only the predictions for LS-SVM was considered for
driving the hydrological model (VIC) due to its evident capability to simulate peaks and rainfall
trends unlike KR. KR was seen to generate mean values of the observed and model individual
normal rainfall events better.
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Figure 5.20 Predictions of rainfall for August, 2040

5.2 Evaluation Criteria for downscaling models
Various statistical measures have been calculated for the results of SVM for the four stations.
This was done to get a clearer understanding of the performance of different downscaling models
and to determine the best performance indices while evaluating them. The Table 5.8 lists the
different statistical measures used to evaluate the efficiency of downscaling.
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Table 5.8 Evaluation statistics of statistical downscaling
Kota

New Delhi

Patna

Indore

Sumobs

268

214.2

329.7

446.7

Sumsim

341.0626

223.4682

319.3387

451.8585

RMSE

17.6922

7.3253

9.001

12.3378

0.1489

0.8184

0.9209

0.905

-0.2126

0.6633

0.7705

0.8124

-27.2622

-4.3269

3.1426

-1.1548

1.0858

0.5721

0.4289

0.4270

Pearson Correlation
N-S Coefficient
PBAIS
RSR

The sum of the total amount of rainfall over the period of simulation was seen to be an important
indicator of the performance of the model. The LS-SVM could simulate this measure most
accurately for New Delhi, Patna and Indore. Interestingly, the three stations have produced best
simulations indicating the role of this measure in evaluating models.
The N-S Coefficient gives the relative magnitude of noise as compared to information. The
coefficient for all the four stations was within the acceptable range representing a good match of
the simulated to the observed. The best N-S Coefficient was observed for Indore (0.81) and the
lowest for Kota (-0.2126).
The optimal value of PBIAS is considered to be 0. A negative value indicates overestimation
bias while a positive value indicates an underestimation bias. Clearly, results of Kota show a
high overestimation bias, making it less accurate than the other stations. Only Patna shows an
underestimation bias.
RSR usually ranges from 0 to higher values. A low value of RSR indicates a good model
simulation. Ideally, the value of NS Coefficient should be greater than 0.50 and RSR should be
lesser than 0.70. All stations other than Kota were seen to satisfy the following condition.
5.3 Generation of Hydrological Scenario from VIC
The downscaled precipitation was forced into the VIC model to obtain the hydrological
components for the present and the future. Future scenario was also generated with the
simulation of streamflow through routing. The VIC model was set up for the Ganga basin with a

- 90 -

STATISTICAL DOWNSCALING OF GCM OUTPUT, HYDROLOGICAL SIMULATION AND GENERATION OF FUTURE SCENARIO USING VARIABLE INFILTRATION CAPACITY (VIC) MODEL FOR THE
GANGA BASIN, INDIA

grid resolution of 25 * 25 km. It was run for all the grids to get the hydrological components for
2005 and August 2040.
5.3.1 Generation of Flux files
Flux files were generated for the year 2005 in VIC; since 2005 was considered as the period of
calibration and validation for the current study. The calibration was done on the basis of the
simulated streamflow obtained from the routing model of VIC. Since the objective of modeling
was to use the downscaled precipitation variable to generate future hydrological scenario,
precipitation flux was to be computed for each of the grids in the study area based on the results
of downscaling. Due to the availability of only four downscaled stations, Thiessen polygon
technique was used to allot values of the four downscaled stations to the remaining grids in the
basin. As a result of which every grid carried the meteorological variables (Minimum
Temperature, Maximum Temperature and Precipitation) of the station closest to it.

Figure 5.21 Thiessen Polygon of study area

5.3.2 Calibration and Validation of VIC
The water balance components for VIC, namely; Precipitation (mm), Runoff (mm), Baseflow
(mm) and Evaporation (mm) were generated for the calibration period (2005). The water
balance components computed by the model are shown in Figure 5.22.
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Figure 5.22 Water Balance components for 2005

On the generation of the water balance components, the model was calibrated by adjusting the
soil properties.
Every hydrological model depends on the inputs given and certain fundamental assumptions.VIC
considers 10 calibrating parameters out of which 6 parameters are considered more important
than the rest; namely, binfilt, Ds, Ws, Dm , d1 and d2 . Keeping the depth of soil layers unaltered, other parameters are calibrated. Model input parameters only represent the physical
properties of the basin and may contain certain errors. Hence, calibration is required. It can be
done in two ways: Parameter specification, in which calibration of initial values is done on the
basis of previous knowledge on the behaviour of the basin. The second method is Parameter
estimation in which calibration is done depending on field observations. Calibration can be done
depending upon the reference availability, by adjusting parameters till the performance of the
model closely matches the observed behaviour of the basin. The primary aim of this process is to
minimize the difference between simulated data and observed data which is runoff/discharge on
annual or monthly basis.
First, the model was simulated by considering initial values of calibrating parameters. Keeping
the results of the initial iteration as reference, the remaining parameters were increased or
decreased until the best match between the observed and simulated was obtained as shown in
Table 5.9.
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Table 5.9 Iterations performed during VIC calibrations

1 binfilt
Ds
2 binfilt
Ds
3 binfilt
Ds
4 binfilt
Ds
5 binfilt
Ds
binfilt
6
Ds
Ws
7 binfilt
Ds
binfilt
8
Ds
Ws
9 binfilt
Ds
10 binfilt
Ds

1
0.2
0.001
0.4
0.008
0.4
0.008
0.3
0.006
0.3
0.001
0.3
0.01
0.08
0.4
0.008
0.4
0.01
0.08
0.4
0.001
0.4
0.01

2
3
0.2
0.2
0.001 0.001
0.3
0.3
0.005 0.003
0.3
0.25
0.005 0.003
0.25
0.25
0.004 0.0025
0.3
0.3
0.001 0.001
0.3
0.3
0.01
0.01
0.08
0.08
0.4
0.4
0.008 0.008
0.4
0.4
0.01
0.01
0.08
0.08
0.4
0.4
0.001 0.001
0.4
0.4
0.01
0.01

Soil Type
12
24
0.2
0.2
0.001 0.001
0.3
0.4
0.001 0.001
0.25
0.4
0.001 0.001
0.25
0.3
0.001 0.001
0.3
0.3
0.001 0.001
0.3
0.3
0.01
0.01
0.08
0.08
0.4
0.4
0.008 0.008
0.4
0.4
0.01
0.01
0.08
0.08
0.4
0.4
0.001 0.001
0.4
0.4
0.01
0.01

100
0.2
0.001
0.2
0.001
0.2
0.001
0.2
0.001
0.3
0.001
0.3
0.01
0.08
0.4
0.008
0.4
0.01
0.08
0.4
0.001
0.4
0.01

102
0.2
0.001
0.2
0.001
0.2
0.001
0.2
0.001
0.3
0.001
0.3
0.01
0.08
0.4
0.008
0.4
0.01
0.08
0.4
0.001
0.4
0.01

103
104
0.2
0.2
0.001 0.001
0.2
0.2
0.001 0.001
0.2
0.2
0.001 0.001
0.2
0.2
0.001 0.001
0.3
0.3
0.001 0.001
0.3
0.3
0.01
0.01
0.08
0.08
0.4
0.4
0.008 0.008
0.4
0.4
0.01
0.01
0.08
0.08
0.4
0.4
0.001 0.001
0.4
0.4
0.01 0.01

The 8th iteration with binfilt=0.4, Ds=0.01 and Ws=0.08 for all the classes, was seen to give the
best results (Figure 5.9).
5.3.2.1 Effect of calibration on water balance components
The effect of calibration can be verified through water balance output of the model. The error in
water balance equation, tries to equate the input and output components (Input: rainfall & output:
evapotranspiration, surface runoff, change in terrestrial water storage and contribution to
groundwater system) of water cycle in the area. The difference should be minimum if not zero.
Model calibration is a progressive technique which tends to improve the model performance of
water balance estimation with each iteration. The effect of calibration can be seen in Table 5.10.
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Table 5.10 Effect of calibration on water balance
(in mm)
Before
Calibration
After calibration

Precipitation

Runoff

Evapotranspiration Baseflow ∆

996.019684
996.019684

293.1568 593.55771
334.9267 466.6548106

38.51017
155.4177

70.79504
39.02054

Table 5.10 shows the imbalance/residual error between precipitation and the remaining
hydrological component to have decreased from 70.79 mm to 39.02 mm after calibration
indicating that the successful calibration has improved the performance of VIC.
5.3.2.2 Results for 2005
It was seen that after calibration, the model was performing very efficiently.VIC was specifically
seen to simulate well for Farakka and Benighat. Table 5.11 shows the observed and simulated
value of annual runoff for the three locations considered for understanding the improvement of
the model after calibration.

GRDC Station
Farakka
(Outlet)
Devghat
Benight

Table 5.11 Routing model results for 2005
GRDC observed annual runoff Runoff annual
in mm/year
mm/year
400
1582
909

runoff

in

496.24
666.06
868.72

The results can be better understood from the graph shown below (Figure 5.23). It was observed
that the model was simulating runoff efficiently for Farakka and Benighat, but was
underestimating the runoff for Devghat.
1800

GRDC observed annual
runoff in mm/year

Runoff (in mm/year)

1600
1400

Simulated annual runoff in
mm/year
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0
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Figure 5.23 Observed annual runoff vs. VIC simulated annual runoff
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ii. Results of each month in 2005

Runoff (in m3/s)

Routing results for each month of 2005 was also compared with the observed runoff for Farakka,
which has been taken to be the outlet for the Ganga basin. A hydrograph was plotted showing the
monthly runoff simulated by routing in VIC (Figure 5.24). The simulated hydrograph was
compared to the mean monthly discharge obtained from GRDC. The GRDC provides mean
monthly discharge calculated from 1963-1993 for each month in the time period.
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GRDC observed Runoff in
m3/s

50000

Simulated monthly runoff in
m3/s

40000
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10000
0
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Figure 5.24 Hydrograph for Farakka, 2005

The model was simulating well for the basin on the monthly basin as well.
iii. Results of August, 2005
The model results were also compared for the month of August, 2005 since it was to be used for
generating hydrological regime of August, 2040. The results have been shown below in Figure
5.25
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Figure 5.25 Results for August, 2005

The results pointed at reasonable accuracy for Farakka and Benighat but poor for Devghat. The
model was seen to drastically improve in simulating the runoff for the stations.
5.3.2.3 Results of validation
Validation of the model was done in the same manner as mentioned above; yearly, monthly timestep and for the month of August for 1985 and 1995.This was done to ensure that the model
performed efficiently at any given time step. It was to be kept in consideration that the
generation of future hydrological scenario was for the month of August in 2040. The water
balance components were computed for the validation years 1985 (Figure 5.26) and 1995 (Figure
5.27).
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Figure 5.26 Time series plot of runoff against rainfall for 1985
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Figure 5.27 Time series plot of runoff against rainfall for 1995
Table 5.12 Water Balance components for the calibration and validation period
Year Precipitation (mm) Runoff (mm)
ET
Baseflow
Error Term
1985
1995
2005

277
340
239

107
124
89

110
113
100.35

48
47.89
35.53

11.14
55.11
14.37

Table 5.12 shows the water balance components computed for the calibration year (2005) and
the validation years (1985 and 1995). It was seen that the Error term for 1985 and 2005 was low,
but the error term for 1995 was high due to an excessively high rainfall that year. Clearly, this
error was because of training the VIC model for only one year.
Validation of results was primarily conducted based on the streamflow simulated by the routing
module of VIC. The resultant runoff generated after routing was compared with the observed
runoff value obtained from GRDC.
i) Monthly validation
The routing model was run for the validation period with the soil parameters fixed after the
calibration. The model was run for 1985 and 1995. It was seen that the runoff for the two
validation years was accurately corresponding to the mean observed GRDC runoff. The monthly
validation however was conducted only for the outlet of the basin, Farakka (Figure 5.28). The
satisfactory validation results for the outlet of the basin indicated that the model was ready to
simulate for the basin for a future period. The model was also to be calibrated for the month of
August month for the validation period. This was essential since the model was to generate the
hydrological scenario for August, 2040.
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Figure 5.28 Hydrograph for Farakka for validation period

ii) Validation for August
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Figure 5.29 Validation for August month

From the chart in Figure 5.29, it can be concluded that the model was ready to simulate for the
month of August, since it was simulating well for the same month in 1985 and 1995 (validation
years). The validation was again conducted only for the outlet, Farakka.
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5.3.3 Generation of future hydrological scenario
The aim of the study was to generate the future hydrological scenario of the basin for the
monsoon month of August, 2040. Using the above determined calibration parameters; VIC was
run to generate hydrological components and routing to simulate runoff for August, 2040. The
figure below (Figure 5.30) shows the projected hydrological components averaged over the area
of the basin for August, 2040.
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Figure 5.30 Water Balance components for August, 2040

Following the determination of the hydrological components, runoff was computed at the outlet
of the basin (Farakka) for the same time period .The runoff computed was computed to be 86.80
mm/year for August, 2040 (Figure 5.31).
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Figure 5.31 Simulated Runoff for August, 2040

5.3.4 Normal
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Figure 5.32
32 Normal and Projected water balance components
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Normal and projected water balance components have been shown in graphical format in Figure
5.32. It was realized after analysis, that total rainfall for August 2040 was projected to be higher
than the rainfall in 2005. The runoff and evapotranspiration is seen to be on a decline. Baseflow
is also seen to be consistently on the fall. However the results support the simulations of VIC for
Farakka, indicating a decline in the runoff in 2040. The results of hydrological simulation for
August 2040 are not showing the trends of rainfall and the runoff in the near future. The model
calculated the water balance components for August, 2040 depending on the calibration and the
validation performed. Clearly, it is essential to consider a larger time period while performing
calibration of the VIC model. The large error term for the August 2040 simulation is an indicator
of the same.
Evidently, this section was able to successfully establish the ability of statistically downscaled
output to be considered effectively as an input in hydrological models for the generation of
future hydrological scenario.

- 101 -

STATISTICAL DOWNSCALING OF GCM OUTPUT, HYDROLOGICAL SIMULATION AND GENERATION OF FUTURE SCENARIO USING VARIABLE INFILTRATION CAPACITY (VIC) MODEL FOR THE
GANGA BASIN, INDIA

CHAPTER 6
CONCLUSIONS AND RECOMMENDATIONS
6.1 Conclusions
The primary objectives of the research was to downscale rainfall on a daily basis at a site level,
generate small scale climate variables for a future time period, perform hydrological simulation
to obtain the water balance components and simulate streamflow.
The research focused on exploring various statistical downscaling techniques, drawing
comparisons between them and determining the evaluation criteria to assess the performance of a
downscaling model, followed by running the VIC Model to understand how the downscaled
output can be used to determine the water balance components and streamflow for the future.
The following deductions were drawn from the present study:
i.
ii.

iii.

The study successfully attempts to downscale for the monsoon month of August, 2040.
The model has only been run for one month since past literature such as the work in Salvi
et al., (2013) which attempts to establish a statistical downscaling model that captures
climatology and its extremes effectively, mentions the need to apply bias correction for
each month separately. However, in the current study, the model established through the
various experiments on Kota station re-enforces the fact that the best model is formed
considering the rainy days of the whole baseline period as the training set with bias
correction done again for the whole baseline period.
More so, the model was only run for August, since it is the only month where the entire
basin experiences monsoon. It is most often considered to be a ‘peak’ rainfall month
displaying extremes in the amount of rainfall. The rainfall in the month ranges from 0
mm to values as great as 100 mm in the same location. This variation was necessary to
set up a model that could be trained and tested in real-world conditions. Other months
would not necessarily support the motive of the study. It is also to be noted that the
current model with the methodology established, is perfectly suitable to predict for the
whole monsoon period. It was solely for the purpose of experimentation and verification
that only the month of August was considered.
Though most literature suggests that Multivariate kernel regression is better suited for
daily simulation, the current study indicates that the LS-SVM performs better than KR
due to its ability to capture peaks and extreme rainfall events. It was seen that the
regression technique gives only mean values and is unable to model peaks in rainfall
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iv.
v.
vi.
vii.

viii.

ix.

x.
xi.

xii.
xiii.
xiv.

KR was observed to model individual rainfall events to a higher degree of accuracy than
LS-SVM.
The predictions by the LS-SVM and the kernel regression technique were matching to a
great extent except for the peak values that was seen to be modeled better by LS-SVM.
Removal or accommodation of the high rainfall event(s) by the construction of a
frequency distribution histogram improved the model’s performance considerably.
The selection of an appropriate bandwidth was the most crucial step in the kernel
estimation method since the bandwidth (h) acts as the smoothing parameter for the kernel
regression. It was seen that this parameter had a strong influence on the performance of
the model.
Though literature suggests that bias correction is best performed separately for each
month (Salvi et al., 2013), it was seen in the study that the results were satisfactory in the
following order 1) when all the days with rainfall values throughout the baseline period
was considered for training 2) when only the rainy days (no-zero values of rainfall) of the
month under consideration was trained 3) the whole month for the baseline period was
considered for training 4) Model trained for the entire baseline period. The poor
performance for the last case may be attributed to the problem of redundancy of data that
can be solved by computing Principal Component Analysis (PCA) for the GCM and
Reanalysis predictors.
Nash-Sutcliffe coefficient and the total sum of the rainfall were both seen to be the best
measures in evaluating the performance of the downscaling model. The other statistical
measures adopted tended to mislead to a great extent. The highest value of Nash-Sutcliffe
was seen to be 0.8124 for Indore. The RMSE for Indore was however seen to be 12.337.
The high values of RMSE were giving a misleading estimate.
Downscaled precipitation was successfully used to force the VIC model for hydrological
simulation over Ganga basin.
It was seen that the total precipitation for 2005 was 996.01 mm. The other hydrological
components were also estimated; 293.15mm of runoff, 593.55 mm of evapotranspiration,
and 38.51 mm of baseflow. The error in the water balance was seen to be 70.79 mm that
was reduced after calibration.
The VIC has been calibrated and validated for Farakka, Devghat and Benighat monthly
and annually.
The soil parameters determined after calibration was binfilt=0.4, Ds=0.01 and Ws=0.08.
The snow contribution in the discharge was not accommodated in the study since the
fundamental objective of the study was to perform statistical downscaling effectively at a
site scale on a daily basis and drive a hydrological model with the downscaled GCM
output. Contribution of snowmelt for the generation of hydrological scenario was ignored
since CWC has reported that snow/glaciers covers only 0.94 % of the total area of the
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xv.

xvi.

Ganga basin with an annual snowmelt contribution of about 1% to 5% throughout the
basin (Siderius et al., 2013).
The hydrological components for August, 2040 were generated. Precipitation was
determined to be on the rise while runoff and baseflow was seen to decline. The
evaporation however, did not show any large variation.
The runoff for Farakka in August 2040 was estimated to be 29057.71 m3/s.

6.2 Recommendations
i.
ii.

iii.
iv.

v.

vi.

During multi-site downscaling, inter-station correlation and cross-correlation should be
performed to understand the impacts of the stations on each other.
PCA needs to be applied on both the NCEP/NCAR and the GCM dataset in cases where a
large number of null values or repetitions are present in the training set. This is crucial to
preserve the physical interpretation of the dataset as well so as to avoid the assumption
that the data is linear in nature.
The statistical downscaling model established in the current study can be used to simulate
rainfall for the entire monsoon period.
The performance of VIC will improve if the calibration of the hydrological model is done
for more number of years for more number of stations with observed data of respective
years. This will ensure a lower error term and will give more accurate simulations and a
better idea of the trend of the water balance components.
Reliable discharge data from the Central Water Commission (CWC) for gauging stations
across the Ganga basin can increase the accuracy of the VIC model during calibration and
validation.
The accommodation of snowmelt in the mountainous regions in the VIC Model would
have given a better account of the fluxes of the region.

6.3 Future scope of work
“Downscaling” has caught the imagination and interest of the scientific community as well as the
researchers in the recent past. Yet, there is still tremendous scope for research in this field for the
times to come. Some of the issues that could be addressed in the future course of work are
enumerated below:
•

Estimation of uncertainty is crucial to the process of downscaling. The sources of these
are many and varied; from errors in the GCM to the inconsistencies of the emission
scenarios and most often errors inherently in the downscaling model (Chen et al., 2010).
Though probabilistic approaches have been used to address these uncertainties so far
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•

•

•

•

(Mazumdar and Ghosh, 2008), there is a vast scope of work yet to be done in uncertainty
estimation.
Most downscaling studies have been conducted on a monthly time scale, but downscaling
on a daily time-step has been sparsely attempted due to its complexity and uncertainty.
However the impact assessment models, like hydrological models requires daily
parameters to simulate the impact of climate change in the system.
Biases arise due to incomplete knowledge about the geophysical processes that take place
and the incompetence of the GCM to accommodate it. GCMs make several assumptions
during the development stages of parameterization. Sophisticated techniques for bias
correction like the quartile based mapping can be adopted to handle the difference
between the observed and simulated climate variables
Statistical Downscaling can include independent components of climatic signals like El
Nino/La Nona-southern oscillations (ENSO), Pacific decadal oscillations (PDO) etc. for a
long-lead weather forecast
The evaluation of downscaling techniques can also be done based on the performance of
hydrological models (such as SWAT, VIC etc) driven by downscaled variables.
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APPENDIX
1. Code for the extraction of GCM Values in MATLAB R2012a

a1=ncread('ua_day_CanESM2_rcp45_r1i1p1_20310101-20401231.nc','ua');
b1=a1(:,:,1:3650);
c1=b1(21,27,:);
d1=squeeze(c1);
d1
2. Code for the extraction of GCM Values in MATLAB R2012a
ncep1_rh=ncread('rh_1975_1985.nc','rhum');
size(ncep1_rh)
ncep1_rh_extract=ncep1_rh(30,10,:)
size(ncep1_rh_extract)
squeeze(ncep1_rh_extract)
size(ncep1_rh_extract)
ncep1_rh_extract_squeeze=squeeze(ncep1_rh_extract)
size(ncep1_rh_extract_squeeze)
3. Code for conversion from netCDF to TIFF in Python
# --------------------------------------------------------------------------# test.py
# Created on: 2012-08-24 15:27:11.00000
# (generated by ArcGIS/ModelBuilder)
# Description:
# to be used in arcGis10 >>python2.6>>IDLE GUi
# --------------------------------------------------------------------------# Import arcpy module
import arcpy, glob
# Local variables:
input_folder = 'F:\\wrfoutmay\\'
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output_folder = 'F:\\wrfmaytif\\'
arcpy.env.workspace = output_folder
arcpy.env.overwriteOutput = True
files = glob.glob(input_folder+"*00")
counter = 0
for eachfile in files:
print("Endru Processing: " + eachfile)
outfile1 = 'rainc'+ eachfile[-30:] + '.tif'
outRaster1 = output_folder + "/" + outfile1
outfile2 = 'rainnc'+ eachfile[-30:] + '.tif'
outRaster2 = output_folder + "/" + outfile2
outfile3 = 'T2'+ eachfile[-30:] + '.tif'
outRaster3 = output_folder + "/" + outfile3
print counter, outfile1
print counter, outfile2
print counter, outfile3
counter += 1
## Process: Make NetCDF Raster Layer
arcpy.MakeNetCDFRasterLayer_md(eachfile, "RAINC", "west_east", "south_north", outfile1,
"", "", "BY_VALUE")
arcpy.MakeNetCDFRasterLayer_md(eachfile, "RAINNC", "west_east", "south_north",
outfile2, "", "", "BY_VALUE")
arcpy.MakeNetCDFRasterLayer_md(eachfile, "T2", "west_east", "south_north", outfile3, "",
"", "BY_VALUE")
arcpy.CopyRaster_management(outfile1, outRaster1+ "", "", "", "", "NONE", "NONE", "")
arcpy.CopyRaster_management(outfile2, outRaster2+ "", "", "", "", "NONE", "NONE", "")
arcpy.CopyRaster_management(outfile3, outRaster3+ "", "", "", "", "NONE", "NONE", "")
print "done"
del outfile1
del outfile2
del outfile3
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4. Code to read a table from Excel sheet in MATLAB R2012a
Excel = actxserver('Excel.Application');
ExcelVersion = str2num(Excel.Version);
ResultFile = [pwd '\Matlab_SVM.xls'];
Workbook = invoke(Excel.Workbooks,'Open', 'E:\MATLAB_SR\MATLAB\Matlab_SVM');
set(Excel,'Visible',1);
5. Code for converting nan values to 0.0000 in VIC Model in MATLAB R2012a
x=dir('E:/May/Attempt4/d/OnlyFlux');
for i=3:length(x);
filename=x(i,1).name;
userpath('E:/May/Attempt4/d/OnlyFlux');
fidInFile = fopen(filename,'r');
%# Open input file for reading
userpath('E:/May/Attempt4/d/CorrectedFlux');
fidOutFile = fopen(filename,'w'); %# Open output file for writing
nextLine = fgets(fidInFile);
%# Get the first line of input
while nextLine >= 0
%# Loop until getting -1 (end of file)
nextLine = strrep(nextLine,'nan','0.0000'); %# Replace wordA with wordB
fprintf(fidOutFile,'%s',nextLine);
%# Write the line to the output file
nextLine = fgets(fidInFile);
%# Get the next line of input
end
fclose(fidInFile);
%# Close the input file
fclose(fidOutFile);
end
6. Sample output of the Routing Model
1 DEVGHAT
45 28
Routing station: DEVGHAT
searching catchment...
Number of grid cells upstream of present station 51
reading grid_UH...
making grid UH...
making UH_S grid...it takes a while...
NOTE: your new UH_S grid file will be written in the
directory you run from, and will be called
DEVGH.uh_s
save this file and specify it in your station
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location file to avoid this step in the future
grid cell 1 out of 51
grid cell 2 out of 51
grid cell 3 out of 51
grid cell 4 out of 51
grid cell 5 out of 51
grid cell 6 out of 51
grid cell 7 out of 51
grid cell 8 out of 51
making convolution...
1 of 51: /home/wrd/SoumyaRajan/MAIN/One/CorrectedFlux/fluxes_28.875_86.375
2 of 51: /home/wrd/SoumyaRajan/MAIN/One/CorrectedFlux/fluxes_29.125_86.375
3 of 51: /home/wrd/SoumyaRajan/MAIN/One/CorrectedFlux/fluxes_28.875_86.125
4 of 51: /home/wrd/SoumyaRajan/MAIN/One/CorrectedFlux/fluxes_28.875_85.875
5 of 51: /home/wrd/SoumyaRajan/MAIN/One/CorrectedFlux/fluxes_28.375_85.625
6 of 51: /home/wrd/SoumyaRajan/MAIN/One/CorrectedFlux/fluxes_28.625_85.625
7 of 51: /home/wrd/SoumyaRajan/MAIN/One/CorrectedFlux/fluxes_28.875_85.625
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