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ABSTRACT 

 

Snow, a sensitive indicator of climate, is a crucial hydrological parameter in the global water 

cycle and also an important ingredient of the cryosphere. A large extent of the mountainous 

area of the Brahmaputra River basin is covered by Himalayan snow, which starts ablating in 

the spring due to rise in temperature. Apart from this snowmelt water, many small and large 

tributaries also contribute towards the discharge of the river Brahmaputra. The river Subansiri 

is one of the major north bank tributaries of the Brahmaputra and thus has major contribution 

towards its discharge. A part of the upper catchment of the Subansiri basin is also covered by 

snow. In this study, the impact of the change in temperature on the snow cover area of both 

the Brahmaputra and the Subansiri River basins has been analyzed from 2002 to 2015 for the 

months of January, April, July and October. The MOD09A1.5, MODIS data of 500m 

resolution have been used to prepare the snow maps using the Normalized Difference Snow 

Index Method. Cloud-free Landsat satellite data (Landsat 4-5 TM) of 30m resolution has 

been used to validate the snow map prepared from the MODIS image. The gridded 

temperature data of HadCM3 GCM of A2 scenario having a spatial resolution of 2.5˚ X 3.75˚ 

(latitude by longitude) were used to get the average temperature of the basins. It has been 

found that the snow cover area showed decreasing trends with respect to the increasing trends 

of temperature for the months of April, July, and October. While, for the month of January, 

the snow cover area showed an increasing trend with respect to the decreasing trend of 

temperature. The effect of changes in snow cover area on the discharges of the river 

Brahmaputra and the Subansiri have also been studied and it has been found that w.r.t. the 

decreasing trends of snow cover area, the discharge showed increasing trends depicting the 

fact that snowmelt waterinfluences on the discharge of the rivers at the downstream. 

Land use/land cover (LULC) change detection of an area is essential as it is an indicator of 

climate change. In this study, LULC change detections have been carried out for both the 

Brahmaputra and the Subansiri basins using supervised classification method and maximum 

likelihood classifier algorithm. The MODIS data of 500m resolution have been used to 

prepare the LULC maps from 2002 to 2012 for January, April, and October. Five different 

LULC classes have been considered for the study. These are bare soil, surface water bodies, 

dense vegetation, light vegetation and snow cover area. It has been found that dense 

vegetation and snow cover area decreased during this period, while light vegetatuion and bare 

soil showed significant increase. 
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The future rainfall pattern over the Subansiri River basin has been studied by multiple linear 

and non-linear regression based statistical downscaling techniques and by Artificial Neural 

Network based model. APHRODITE’s gridded rainfall data have been taken as the 

predictand and the HadCM3 GCM climatic parameters as the predictors. It has been found 

that multiple non-linear regression based statistical downscaling technique outperformed the 

other techniques. Using this method, the future rainfall pattern of the Subansiri basin has been 

analyzed up to the year 2099 for four different time periods, viz., 2020-39, 2040-59, 2060-79, 

and 2080-99. The spatial change in rainfall pattern showed a potential decrease of rainfall in 

the wet months and months with moderate rainfall.  Further, it has been observed that the 

future rainfall during dry months may be increased. 

The future flow scenario of the river Subansiri has been analyzed up to the year 2099 for the 

four different time steps. Two different rainfall-runoff models have been developed, the 

ANN-based rainfall-runoff model, and ANN-SCS based hybrid model. The evaluation of 

results showed that the performance of the hybrid model was better than the other model. 

Three different LULC scenarios have been created to study its impact on the future flow 

scenario of the river. No change in LULC from the present condition up to the year 2099 

have been assumed in the first scenario, whilevarious changes in the LULC categories have 

been incorporated in the other two scenarios. Decreasing trends of future runoff have been 

observed for the first scenario, while the future runoffs showed increasing trends for the other 

changed scenarios.  

Several hydropower projects have been planned on the Subansiri River. One of them, the 

Subansiri Lower Hydroelectric Project (SLHEP), is under construction and in the advanved 

stage of completion. As such, it is necessary to evaluate the impact of climate change and 

change in LULC on the power potential of the river.  To study the impact on the future power 

potential of the SLHEP, a reservoir simulation model has been developed. The runoff 

calculated for the different LULC scenarios by the ANN-SCS based hybrid model have been 

used as the inflow to the reservoir. For all the scenarios, lower power potentials have been 

observed compared to the power potential of the SLHEP during the historical period (1990-

2014). It has also been observed that for a constant LULC scenario in the future, the power 

potential of the SLHEP showed decreasing trends for the four different time 

periods.However, for the changed scenarios, the future power potential of the project showed 

increasing trends for the different time periods. 
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1 
 

CHAPTER 1  

INTRODUCTION 

 

1.1 General 

With an average annual discharge of 19,830 m
3
/s, River Brahmaputra ranks fourth among the 

large rivers of the world (Goswami, 1998). The river is a trans-Himalayan river as it rises in 

south Tibet from the glaciers of Mount Kailash at an elevation of about 5150m above sea 

level (a.s.l) at 30°31´N and 82°10´E (Burred et al., 1934; Dhar and Nandargi, 2000). The 

Brahmaputra River basin with an approximate area of 651,334 sq.km., covers four countries: 

China (50.5%), India (33.6%), Bangladesh (8.1%) and Bhutan (7.8%) (IUCN, 2014). Its 

basin in India is shared by Arunachal Pradesh (41.88%), Assam (36.33%), Nagaland (5.57%), 

Meghalaya (6.10%), Sikim (3.75%) and West Bengal (6.47%) (Singh et al., 2004). The basin 

lies between 23°N to 32°N latitude and 82°E to 97°5´E longitude. The Brahmaputra basin is 

highly influenced by monsoon rainfall (Mirza, 2002). Most part of the runoff of the 

Brahmaputra river is because of the heavy rainfall of 510 cm-640 cm in the Abor and Mishmi 

hills in Arunachal Pradesh and 250-510 cm in the Brahmaputra plains (Murthy, 1981).  

The rivers originating from the Himalayas experience two high-water seasons, one in early 

summer caused by snowmelt in the mountains, and one in late summer caused by runoff from 

monsoon rains. Thus, apart from heavy rainfall, the streamflow of the Brahmaputra River is 

also strongly influenced by the snow and ice melting in the upstream parts of the basin. The 

Brahmaputra River receives a substantial amount of snowmelt runoff into its annual 

streamflow (Singh et al., 1994a, 1997a). Eastern Himalaya ranges are the main source of 

glaciers that contribute to the discharge of Brahmaputra River. The elevation of the Tibetan 

plateau that falls under Brahmaputra basin varies between 3000-5000m a.s.l. with numerous 

glaciers covering the plateau (Singh et al., 2004). According to Immerzeel et al., (2008), 

Tibetan Plateau alone covers 44.4% of the total basin area, thus contributing more to the 

snowmelt runoff of the river. The snow and glacier melt contribution compared to total runoff 

has been estimated to be about 27% for Brahmaputra River (Immerzeel et al., 2010).  

Global climate change has substantially increased the atmospheric concentration of carbon 

dioxide and other trace gases over the last century. It is expected thatthe concentration of 

carbon dioxide will be double by the middle or latter part of the next century (NAs, 1979; 
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Pearman, 1980; IPCC, 1995; Houghton et al., 2001; Kamga, 2001). It is obvious that, global 

warming caused by increased atmospheric concentration of carbon dioxide and other trace 

gases will alter the radiation balance of the atmosphere. This in turn will cause increases in 

temperature and changes in precipitation pattern and other climatic variables (Changchun et 

al., 2008). Higher greenhouse gas concentrations have trapped more thermal radiation and 

consequently warmed the planet (IPCC, 2007). In its Fifth Assessment Report, the 

Intergovernmental Panel on Climate Change reported that averaged combined land and sea 

surface temperature warmed between 0.65°C and 1.06°C from 1880 to 2012 (IPCC, 2013). 

As reported by the NASA Goddard Institute for Space Studies in January 2013, 2012 was the 

ninth-warmest year since 1880, and except for 1988, the nine warmest years in the 132-year 

record have all been since the year 2000. The year 2005 was the hottest year on record (GISS, 

2013). Again, the precipitation is expected to increase under global warming at high latitudes 

and in the vicinity of the equator, but decreases in the subtropics (Watterson and Whetton, 

2011). The GCMs can be used to simulate the present day and projected future climate 

conditions under different scenarios. However, the GCMs perform reasonably well at large 

spatial scales and perform poorly at the smaller space and time scales relevant to local and 

regional impact analyses. Various downscaling techniques have been developed to overcome 

this limitation of the GCMs. These are dynamic downscaling, statistical downscaling and 

downscaling using Artificial Neural Network. The statistical downscaling technique has been 

used extensively because of its less computational time.  

Snow cover which is a crucial hydrological parameter in global water cycle and an important 

ingredient of the cryosphere, is considered as an active and multivariate part of the climate 

system. Snow is a sensitive indicator of climate (Foster et al., 1982; Namias, 1985; Gleick, 

1987) and hence, seasonal snow is considered as an important part of Earth’s climate system. 

In terms of area, snow cover is the single largest component of the cryosphere, covering an 

average of46 million sq.km. of the Earth’s surface each year and out of this, about 98 percent 

of the Earth’s snow cover is located in the Northern Hemisphere (Brodzic and Armstrong, 

2013). Because snow is highly reflective in nature, a vast amount of sunlight that hits the 

snow is reflected back into space instead of warming the planet. About 80-90% of incoming 

solar energy is reflected by snow cover whereas only 10-20% of solar energy is reflected by 

snow-free surfaces such as soil or vegetation. Without snow, the ground absorbs more sun’s 

energy adding heat to the system, thereby causing even more snow to melt. Thus, surface 

temperature is highly dependent on the presence or absence of snow cover, and temperature 
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trends have been linked to changes in snow cover (Groisman et al., 1994). Studies on snow 

cover area indicated that in some regions, the snow cover area has been decreasing since 

1980’s (Groisman et al., 1994; Frei and Robinson, 1999) with rising temperature, whereas in 

some other regions snow cover area has been increasing with increasing temperature (Ke and 

Li, 1998) which gives an idea of existence of regional disparity. 

Climate change is likely to lead to an intensification of the global hydrological cycle and to 

have a major impact on regional water resources (Arnell, 1999). Among the major river 

systems, the impact of climate change on the hydrological behavior of the Ganges-

Brahmaputra Basin is expected to be particularly strong. As the Brahmaputra Basin is highly 

influenced by the monsoon rainfall, the climate change that results in variation in intensity of 

the monsoon, will affect both high and low flows leading to increased flooding and 

variability of available water both in space and time (Postel et al., 1996) in the basin. 

Himalayas are called the reservoirs of snow and glaciers. The ice mass over this region is the 

third-largest on the earth, after the Arctic/Greenland and Antarctic regions (Immerzeel, 

2007). Bernett et al., (2005) indicated that Himalaya is perhaps the most critical area, where 

melting of snow and glaciers will negatively affect water supply in the next few decades, 

because of the region’s high population. In this region, the increase in temperature will 

accelerate snow and glacial melt which in turn will increase water availability. According to 

Frauenfelder and Kaab (2009), total glacier area in the upper Brahmaputra River basin has 

been decreasing by 7% to 10% per decade from 1970/80 to 2000. Another study carried out 

by Bolch et al., (2010) for five glaciers in the south-eastern centre of the Tibetan Plateau, 

which feeds into the Tsangpo-Brahmaputra River revealed that glaciers in this area had been 

retreating at a rate of around 10m/year for the period 1976 to 2009. The increased rates of 

snow and glacial melt will increase summer flows in the river for a few decades, followed by 

a reduction in flow as the glaciers disappear and snowfall diminishes (Immerzeel, 2008). 

Brahmaputra River is most susceptible to reductions of flow, threatening the food security of 

an estimated 26 million people (Immerzeel et al., 2010).  

During its course, the river Brahmaputra is joined by important tributaries from the 

Himalayan ranges of Arunachhal Pradesh and Bhutan in the north viz., Subansiri, Kameng, 

Dhansiri and Manas and from the south by Dihing, Disang, Dikhou and Kopili (Dhar and 

Nandargi, 2000). Out of these tributaries, the river Subansiri is considered as the major north 

bank tributary of the river Brahmaputra which contributes around 10% of the total annual 

discharge of Brahmaputra. Subansiri River flows through Tibet for 170 km, 250 km through 
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Arunachal Pradesh after which it enters Assam at Dulangmukh in Dhemaji district and flows 

for another 130 km through the plains of Assam before it joins the River Brahmaputra near 

Jamugurighat in Assam. During the long journey, Subansiri receives the discharges of 

numerous mountainous streams. The number of its tributaries is more in Siwalik foothills 

than in other zones. The total length of known and well-defined tributaries of Subansiri is 

1,960 km (Sarkar, 2015). Subansiri basin is the largest river system of Arunachal Pradesh 

which covers more than 19,000 sq.km. in the central part of the State. The catchment area of 

Subansiri River is spread out further than the grand Himalayan mountain ranges, covering 

Tsona Dzong till the Great Loop of the Tsang Po River in Tibetan Territory. The entire 

Subansiri basin can be divided into four parts (Sarkar, 2015). These are, (i) the distant 

Tibetan mountains beyond the international border, (ii) the reach lying between the 

international boundary and Miri hills of Arunachal Pradesh, (iii) the Arunachal Pradesh 

portion between the outskirt of Miri hills and the inter-state boundary of Assam and 

Arunachal Pradesh and (iv) the plains of Assam. Out of these four parts, the first two belong 

to the great Himalayan range, the third belongs to the Sub-Himalayan and the fourth belongs 

to the fertile plains of Assam. It is evident from these categories that the upper part of 

Subansiri basin falls in the Himalayas and hence is covered with Himalayan snow and 

glaciers. Due to global warming this snow cover area of the basin changes which leads to the 

change in runoff of Subansiri River in its downstream. The heavy precipitation also strongly 

influences the discharge of the river. Subansiri basin extends from tropical to temperate zones 

and hence exhibits a great diversity in rainfall characteristics. In the Northern and Central 

Himalayan tracts, precipitation is scarce on account of high altitudes. On the other hand, 

Southeast part of the Subansiri basin comprising the sub-Himalayan and the plain tract in 

Arunachal Pradesh and Assam, lies in the tropics. Due to Northeast as well as Southwest 

monsoon, precipitation occurs in this region in abundant quantities. Particularly, Southwest 

monsoon causes very heavy precipitation in the entire Subansiri basin during May to October. 

July and August are the high flood months (Sarkar, 2015). 

Not only the effect of snowmelt and rainfall, the change in land use/land cover that is taking 

place in the Subansiri basin also influences the change in runoff of the river. Fohrer et al., 

(2001) mentioned that surface runoff is highly affected by land use/land cover changes over a 

watershed. Researchers have investigated the relationship between climate, land use and 

hydrological processes and their studies showed that stream flow generation capacity is also 

dependent on vegetation type (Dwarakish and Ganasri, 2015). The rapid growth in population 
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has led to change in land use in terms of deforestation for improving the agricultural 

production (Lorup et al., 1998). This leads to decrease in infiltration rate and increase in 

surface runoff. However, Ozturk et al., (2013) reported that influence of climate variability is 

more significant on surface hydrology than the land use change.  

The Subansiri river system has its practical importance as it holds high water resources as 

well as hydropower potential for the country. The change in runoff of the river due to change 

in climate and land use/land cover will have impact on the performance of the Subansiri 

Lower Hydrelectric Project (SLHEP). It is one of the largest under construction hydropower 

projects in India with an installed capacity of 2000MW. As such, there is a need to study the 

impact of climate change on power potential of this hydropower project. There is a possibility 

that rapid accumulation of water in the glacial lakes in the upstream of the Brahmaputra basin 

can lead to a sudden breaching of the unstable dams behind which they have formed 

reservoirs. The resultant discharge of huge amounts of water would have catastrophic effects 

on people, both upstream and downstream. This will affect the discharge of the river 

Subansiri and thus the power potential of the Subansiri Lower Hydroelectric Project will be 

changed.  

There are various hydrologic models ranging from lumped conceptual model to physically 

based distributed models which are in use worldwide, for flow forecasting of rivers based on 

meteorological data and catchment characteristics (Lorup et al., 1998). The physically based 

models take into consideration the physical characteristics of a watershed whereas the semi-

distributed and fully-distributed models are capable of representing the spatial heterogeneity 

of the watershed (Dwarakish and Ganasri, 2015). Integration of land use models with the 

rainfall-runoff models provides quantitative information about the land use changes on 

hydrological output. Also, different land uses in different sub-watersheds yield different 

hydrological outputs (Lin et al., 2009).  

1.2 Objectives of thethesis 

Due to the trans-boundary nature, inaccessible upper basins and inadequate network of 

gauging stations, not many scientific studies on climate change and its impact on hydrology 

have been made in the rivers of eastern Himalayan region. No study has been found that 

considers the entire Brahmaputra River Basin to determine the snow cover area and its 

sensitivity to warming. Studies on Subansiri River Basin are also very limited. A realistic 

estimation of runoff due to snowmelt, rainfall, land use/land cover changes as well as due to 
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the global climate change is important for flood forecasting, reservoir operation, watershed 

management, water supply and design of hydrologic and hydraulic structures. The planning 

of the multipurpose projects in the Himalayan region further emphasizes the need for reliable 

estimates of runoff from precipitation, snow and glaciers.  

Again, many researchers have evaluated the impact of land use change on runoff of different 

rivers by considering single climatic condition of the catchments. However, it is of much 

importance to analyze the flow scenario of a river under different land use characteristics and 

climatic conditions.  

Keeping these factors in mind, the present study has been taken up with the following 

objectives: 

 Study of snow cover area variation in the Brahmaputra and the Subansiri River Basins 

from 2002 to 2015 for four different months viz. January, April, July and October 

using Remote Sensing and GIS techniques. 

 Impact of change in snow cover area on the discharges of the rivers Brahmaputra and 

Subansiri from 2002 to 2015 for the months of January, April, July and October. 

 Land use/land cover change detection study of the Brahmaputra and the Subansiri 

River Basins from 2002 to 2012 for January, April and October using Remote Sensing 

and GIS techniques. 

 Downscaling of rainfall in Subansiri River Basin at  different locations using 

regression based statistical downscaling technique and Artificial Neural Network 

Model. 

 Prediction of rainfall over the Subansiri Basin up to the year 2099 and its analysis for 

four different future time periods (2020-39, 2040-59, 2060-79 and 2080-99). 

 Development of an ANN based rainfall-runoff model to study the impact of change in 

rainfall on the future flow scenario of the river Subansiri up to 2099. 

 Development of an ANN-SCS based hybrid model by considering different land 

use/land cover scenarios to determine the future flow scenario of Subansiri River up 

to 2099. 

 Impact of change in land use/land cover of the basin on the flow scenario of the river. 

 Determination of future power potential of the Subansiri Lower Hydroelectric Project 

under different flow scenarios of Subansiri River. 
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1.3 Research Queries 

 What is the impact of increase in global temperature on the change in snow cover/ 

glacial cover in the Brahmaputra and Subansiri basins? 

 What is the impact of change in snow cover/ glacial cover on the flow scenarios of the 

rivers Brahmaputra and Subansiri? 

 What is the impact of climate change on the snow cover variations in the Brahmaputra 

and Subansiri River Basins? 

 How the change in climate is effecting the change in land use/land cover of the basins 

under study? 

 What is the future rainfall pattern of the Subansiri Basin and how it will impact on the 

future flow scenario of the River Subansiri? 

 How the change in land use land cover will affect the future flow scenario of 

Subansiri River? 

1.4 Organization of the thesis 

There are nine chapters in the thesis including the introductory chapter 1. In Chapter 2, works 

relevant to the present study, carried out by various researchers around the world, have been 

described in detail. These include, study on climate change and its effect on snow cover area, 

application of remote sensing and GIS on snow cover mapping and land use land cover 

change detection study, use of different hydrologic models to assess the impact of change in 

climate and land use on runoff of a river, GCMs and different approaches to downscale the 

GCM data and studies related to the reservoir operation by different models. 

In Chapter 3, the snow cover area of the Brahmaputra River Basin has been determined by 

the Normalized Difference Snow Index (NDSI) method using MOD09A1.5 (MODIS/Terra 

Surface Reflectance 8-Day L3 Global 500m SIN Grid) MODIS data of 500m resolution from 

2002 to 2015 in the months of January, April, July and October. The change in temperature 

over this basin has been analyzed using the HadCM3 GCM temperature data. A relation has 

been established between the change in snow cover area and change in temperature of the 

basin for the different months. The impact of change in snow cover area on the discharge of 

the river Brahmaputra has also been analyzed. 

In chapter 4, different geomorphologic parameters of Subansiri River and its catchment have 

been determined in the ILWIS GIS software. With the same NDSI method used for the 
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Brahmaputra Basin, the snow cover area of the Subansiri Basin has been determined and the 

change in snow cover area with respect to the change in temperature has been analyzed. The 

change in discharge of the river Subansiri due to the change in the snow cover area has also 

been analyzed. 

In Chapter 5, the land use/land cover change detection has been performed for both the 

Brahmaputra and the Subansiri River Basins using supervised classification technique and 

maximum likelihood classifier algorithm. The yearly variations as well as the decadal 

variations in land use/land cover have been analyzed for the basins starting from 2002 to 

2012 for three different months viz. Janary, April and October. 

In Chapter 6, the downscaling of rainfall has been performed for the Subansiri River Basin at 

24 different APHRODITE rainfall points using both multiple linear and non-linear regression 

based statistical downscaling techniques and by Artificial Neural Network Model. Different 

HadCM3 GCM climatic parameters have been used as the predictors for the study. The best 

downscaling technique has been determined on the basis of mean absolute error, mean square 

error, root mean square error and coefficient of determination. Using the best method, the 

future rainfall over the Subansiri basin at all the 24 points have been determined and forecast 

accordingly for four different future time steps viz. 2020-39, 2040-59, 2060-79 and 2080-99. 

In chapter 7, two ANN based models have been developed to study the future flow scenario 

of the river Subansiri. One, an ANN based rainfall-runoff model considering the rainfall as 

the input and the other, an ANN-SCS hybrid model where different land use/land cover 

scenarios are considered to study the impact of change in land use/land cover on the runoff of 

the Subansiri River. The simulated runoffs from both the models were then forecast for future 

four time periods, 2020-39, 2040-59, 2060-79 and 2080-99. These two models have then 

been compared for the better simulation of the runoff of the river. 

Chapter 8 contains the future power potential study of the Subansiri Lower Hydroelectric 

Project. Considering the runoffs as simulated in Chapter 7 as the inflow to the reservoir, the 

power potential of SLHEP has been computed using reservoir simulation model. The power 

potential has been analyzed up to 2099 for the four different time steps and for different land 

use/land cover scenarios. 

The summary, conclusions and the recommendations for future study are presented in 

Chapter 9. 

 

TH-1585_10610426



9 
 

CHAPTER 2 

REVIEW OF LITERATURE 

 

2.1 General 

In recent years, numerous studies have investigated the impact of climate change on 

hydrology and water resources in many regions (Dunne et al., 2008). In the context of India, 

the three major river systems, the Indus, the Ganges and the Brahmaputra have their origins 

in the Himalayas and flow throughout the year though their flow significantly reduce during 

summer. The flows of these river systems are supplemented by Himalayan snow and glacier 

melts. The Himalayan region has shown consistent warming trends over the past 100 years 

(Yao et al., 2006). Global warming is accelerating the melting of glaciers in the Himalayas, 

which are melting faster than the global average (Dyurgerov and Meier, 2005). Because of 

this, the snow and glacier area in the region is gradually decreasing which contributes to the 

increase in discharge of the rivers at downstream. Along with the snowmelt water, the heavy 

precipitation over this region also contributes to the flow regime of the rivers. For the 

Brahmaputra river basin, the precipitation varies from a few 100 mm on the Tibetan plateau 

to more than 5000 mm in places along the southern Himalayan slopes in Arunachal Pradesh 

and Bhutan.Changes in glacier regimes and runoff from snow and ice, combined with 

changes in precipitation timing and intensity will most likely increase human vulnerability in 

many areas. 

Watershed hydrology is also affected by vegetation types, soil properties, geology, terrain, 

climate, land use practices and spatial patterns of interactions of these factors. Several 

analyses show that increasing precipitation alone is not sufficient to explain increasing 

discharge trends in a watershed (Schilling and Libra, 2003; Raymond et al., 2008). Changes 

in land use that have accompanied climate change also affect changes in discharge.Both 

climate and land use changes are important drivers of changes in watershed hydrology and 

hence, distinguishing effects of land use changes and concurrent climate variability poses a 

particular challenge (Lioubimtseva et al., 2005; Tollan, 2002). 

The studies related to the impacts of climate change on the runoff of a river, may be classified 

broadly into two categories: (i) Studies using GCMs directly to predict impact of climate 
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change scenarios (Sausen et al., 1994; Loaiciga et al., 1996), and (ii) studies using 

hydrological models with assumed plausible hypothetical climatic inputs (Chiew et al., 1995; 

Singh et al.,, 1997a). Although GCMs are considered as invaluable tools for identifying 

climatic sensitivitiesand changes in global climate characteristics, their application for 

studying the impact of climate change on the hydrological response on the basin scale is 

limited due to their poor spatial resolution. Usually, the output of GCMs is given for much 

larger scale than the scale of even a large watershed. Various downscaling techniques are 

available to overcome the spatial resolution limitation of the GCMs (Bardossy and Van 

Mierlo, 2000) and the two major techniques are the dynamic downscaling and statistical 

downscaling. Application of hydrological models on the other hand is a suitable approach for 

assessing the expected changes in the hydrological response due to changes in temperature 

and precipitation and other climatic variables as well as land use changes on the basin scale. 

The input variables to the hydrological models can be either hypothetical climate scenarios or 

the output of GCMs. The ability of hydrologic models to incorporate projected variations in 

climatic variables makes them attractive for climatic change impact studies related to water 

resources.  

The streamflow of the Himalayan Rivers consists of contributions from melting of snow and 

ice, and rainfall-induced runoff. Data on precipitation, temperature and river flow are scarce 

because of inadequate hydro-meteorological network in the high altitude regions with rugged 

terrain and poor accessibility. A hydrological model, which can handle both snowmelt and 

rainfall runoff efficiently, using limited data, is considered most suited for the simulation of 

streamflow generated from the Himalayan basins.  

2.2 Climate change and its significance 

Accelerated change in climate is expected to have major impact on the future sustainability of 

the earth (Stern, 2006; McMullen and Jabbour, 2009). The main driving force is the increase 

in earth’s temperature as a result of human activities which include greenhouse gas 

emissions. Increase in anthropogenic emissions of gases (e.g., carbon dioxide, methane) into 

the atmosphere, and an enhanced greenhouse effect are the major driving forces behind the 

accelerated global warming that has taken place over the last century (IPCC, 2007a,b). 

According to Intergovernmental Panel on Climate Change (IPCC), there is a possibility of 

temperature increase of 1.1⁰C to 6.4⁰C by 2100, due to which storms and floods will get 

affected and lead to rise in sea level because of the thermal expansion of the oceans and the 
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melting of ice sheets and glaciers (IPCC, 2007a). Vermer and Rahmstorf (2009) estimated a 

global sea level rise of between 50 cm and 190 cm from 1990 to 2100. The main factors 

responsible for climate change as given by McMullen and Jabbour (2009) includes the 

following: 

 Variation of radiation emitted from the sun 

 Cyclical behavior of the Earth’s orbit and axis 

 Change in the gas composition of the atmosphere 

 Volcanism, uplifting and wearing away of land surfaces 

 Shifting distribution of land masses caused by plate tectonics and 

 Change in characteristics of the earth’s land surface 

Amongst the various impacts of climate change, the followings can be listed as the major 

ones: 

 There will be a change in global moisture content and atmospheric water balance due 

to changes in the thermal properties of the Earth’s atmosphere (McMullan and 

Jabbour, 2009). 

 The intensity of storms will increase as the change to the global distribution of heat 

flows and atmospheric circulation patterns will influence the air flow systems and 

ocean currents (McCabe et al., 2001; Wang et al., 2008). 

 Change in climate will lead to melting of glaciers and warming of ocean waters. The 

melting of ice will change the volume, temperature and salinity of the oceans (Arctic 

Climate Impact Assessment, 2005). Estimation has been made by IPCC (2007c) and it 

was found that, since 1993, melting of ice caps and glaciers contributed about 28% to 

sea level rise. 

 Climate change will lead to the land movement and land subsidence (Peltier, 2004; 

Leys, 2009). 

2.3 Remote sensing of snow 

Snow is defined as the mixture of ice crystals, liquid water and air (Rees, 2006). The 

distribution and extent of snow in space and time is considered as an important parameter as 

it provides information on amount of water expected from snowmelt available for runoff and 

water supply (Salomonson and Appel, 2004). Snow cover area is a key element of 

hydrological and climatological studies. Measuring ongoing glacier decrease is a first step 
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towards the prediction of future water resources and thus, has important social and 

economical impacts (Barnett et al., 2005). Adverse impacts of snow include, death of 

livestock in deep snow, flooding caused by rapid snowmelt and crop failure due to soil 

temperature fluctuations (Zhang et al., 2010). Hence, snow cover monitoring is becoming 

very important in current earth observation studies. Before, the application of satellite remote 

sensing, the monitoring of snow cover was not an easy task for the researchers. Since the 

1970s, snow cover monitoring from space has become a routine operation using satellite 

optical imagery (Matson et al., 1986). 

 

2.3.1 Snow properties in the electromagnetic spectrum 

The important regions of the electromagnetic spectrum used to study snow are, Visible, Near 

Infrared, Thermal Infrared and Microwave. The behavior of snow in these regions is briefly 

explained below: 

 Visible and Near Infrared 

The human eye is sensitive to the range of wavelengths from 0.4 to 0.65 µm and snow is 

highly reflective with little variation over this range (Rees, 2006). The reflectivity of snow 

depends upon its age in both the visible and infrared region of the spectrum i.e. the snow 

reflectivity decreases as it ages; however, the decrease is more pronounced in the infrared 

region. Typically, new snow will have an albedo of 90% or more and the older snow that has 

been weathered and accumulated snow and litter can have an albedo as low as 40% (Foster et 

al., 1987). Various snow characteristics like shape and size of snow crystals, liquid water 

content, impurities in the snow, depth of snow, surface roughness etc. influence the 

reflectivity of snow. Apart from these,the influence of solar elevation on spectral reflectance 

of snow is also very significant (Hall and Martinec, 1985). Decreasing reflectivity in the 

visible region can be attributed to the contaminants such as dust, pollen and aerosols. An 

advantage of using visible and near infrared data is the easy interpretation of the image.  

 Thermal Infrared 

The use of thermal data has been less than other remote sensing data for measurement of 

snow characteristics. In order to determine the snowpack temperature, the spectral emissivity 

of the snow must be known. This in turn requires the knowledge of liquid water content and 

the grain size as well as other factors. According to Rezaei (2004), thermal data are of great 

use to recognize the boundary between snowy zones and non snowy zones. Similar to visible 

and near infrared images, the usability of thermal infrared images is also limited by the cloud 
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cover. If there are clouds, temperature above them will be measured (Tekeli, 2005). The 

emissivity of snow approaches that of a black body at the 10.5-12.5 μm atmospheric window. 

Griggs (1968) has shown that melting snow can have an emissivity as high as 99%, whereas 

the emissivity of no-snow areas is typically 95% or less. 

 Microwave 

Microwave satellite imagery is also an important source for getting snow cover information. 

The main advantage is that, microwave radiation can penetrate clouds and most precipitation. 

Thus, it helps in providing all-weather observational capability (Schanda et al., 1983). In 

large catchments, microwave images have been used to analyze snow cover and depth. 

However, because of low spatial resolution, it prevents their usability in mountainous basins 

(Tekel, 2005). Unlike optical sensors, the microwave sensors can penetrate into snow and can 

obtain information about it. The passive microwave data are not limited by solar illumination 

or cloud cover and offer a higher resolution. 

2.3.2 Mapping of snow extent from remotely sensed data 

Due to difficult accessibility and hostile climatic conditions in the remote and mountainous 

areas, snow cover measurements are difficult and estimates are neither reliable nor cheap in 

such areas. Mapping of the extent of snow cover has been the principal operational use of 

remote sensing of snow properties. Snow by virtue of the high reflectivity is one of the 

objects on surface of the earth which is readily detected or identified on any visible or near IR 

remotely sensed image. The albedo of snow is higher in the visible region of the 

electromagnetic spectrum compared to most other natural surface cover. This is the reason for 

which snow cover area mapping was one of the first remote sensing applications (Tarble, 

1963; Martinec, 1972). The aerial extent of snow can be determined through various remote 

sensing techniques. For example, Leaf (1969) used aerial photographs to establish a 

relationship between snow cover and accumulated runoff for few Colorado watersheds. 

Sequential photographs showing snow cover depletion were used to estimate the timing and 

magnitude of snowmelt peak. The launch of the Environmental Science Service 

administration (ESSA-3) satellite which carried the Advanced Vidicon Camera System 

(AVCS) and operated in the spectral range of 0.5-0.75 µm with a spatial resolution of 3.7 km 

helped in successful mapping of snow in the mid-1960s. Since 1966, the National 

Oceanographic and Atmospheric Administration (NOAA) have measured snow cover on 

weekly basis in the Northern Hemisphere using various sensors, including the Scanning 

Radiometer, Very High Resolution Radiometer (VHRR) and the Advanced Very High 
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Resolution Radiometer (AVHRR) (Matson et al., 1986; Matson, 1991). Development of sub-

pixel analysis techniques (Gomes-Landesa, 1997) has allowed snow cover mapping on basins 

as small as 10 km
2
 using the AVHRR data. The NOAA product is a daily snow cover product 

(Ramsay, 1998). The NOAA visible satellite based snow cover analysis since 

1972(Robinson, et al., 1993), Scanning Multispectral Microwave Radiometer (SMMR) and 

Special Sensor Microwave/Imager (SSM/I) data from 1978 can be used to derive information 

about extent of snow (Chang et al., 1987), depth (Foster et al., 1984) and snow water 

equivalence (Chang et al., 1991).  

The major problem with NOAA-AVHRR data is that the spatial resolution of 1km is not 

sufficient for snow cover mapping of small basins. The spatial resolution of remotely sensed 

data is necessary to get accurate results from snow cover mapping (Rango et al., 1983). The 

NOAA dataset has also limitations in areas with persistent cloud cover, low solar 

illumination, dense forest, patchy snow and mountainous regions (Robinson et al., 1993). 

However, the relatively stable analysis methodology for over 25 years is one of the important 

characteristics of NOAA dataset for studying snow cover variability (Basist et al., 1996). 

Shafer and Leaf (1979) used Landsat imagery to determine snow cover areas for six basins in 

Colorado, USA, for the period 1973 to 1978. They found that Landsat satellite imagery was 

of sufficient quality to monitor snow cover area accurately. Brown et al., (1979) combined 

aircraft and landsat snow cover data to form a long-term database for predicting runoff from 

basins of California. Their results indicated a potential improvement in forecast accuracy by 

using snow cover area.  NASA, in cooperation with several federal and state water resources 

agencies in the USA, conducted an application systems verification and transfer (ASVT) 

study on the effectiveness of satellite derived snow cover data for operational forecasting 

(Rango, 1980). Three years of testing in three California basins resulted in the reduction in 

the forecast errors of between 10 and 15%. Ostrem et al., (1981) developed a method for 

using NOAA and TIROS data for measuring the remaining snow and to predict the 

corresponding snowmelt runoff volume for a number of Norwegian high mountain basins. 

But, this method is applicable only when the area is vegetation-free and when roughly 20% of 

the basin is snow-free. As the capabilities for remote sensing of snow cover extent are more 

advanced and simpler, the remote sensing of snow depth and water equivalent has a very high 

potential. 

 

TH-1585_10610426



15 
 

2.3.3 MODIS data and its application in snow cover mapping 

The MODIS (Moderate Resolution Imaging Spetroradiometer) is a 36- channel visible to 

thermal-infrared sensor that was first launched as part of the Earth Observing System (EOS) 

Terra payload on 18 December, 1999. A second MODIS was launched as part of the payload 

on the Aqua satellite on May 4, 2002. The MODIS products are available at a variety of 

spatial and temporal resolutions. Two channels in the visible and near-infrared spectral bands 

are available at 250m resolution, five channels in the visible, near-infrared and shortwave-

infrared bands are available at 500 m resolution and the remaining 29 MODIS channels have 

a spatial resolution of 1 km. Most of the products are archived at the National Snow and Ice 

Data Center (NSIDC) in Boulder, CO. 

The freely available MODIS snow products (Hall et al., 2002), with 500m spatial and daily 

temporal resolution can provide a basis for regional snow cover mapping and monitoring 

(Liang et al., 2008). Many researchers in different parts of the world tested the accuracy of 

MODIS snow products under clear sky conditions and shows a very higher agreement 

(overall agreement>93%) and they found overall accuracy of MODIS data to be between 85 

and 99% (Hall and Riggs, 2007; Maurer et al., 2003). The main advantages of MODIS over 

AVHRR are,  

 MODIS has onboard visible/near-infrared calibrators which enables some of the 

MODIS sensors to derive radiances of snow. AVHRR does not have such calibrators. 

 At least one of the MODIS channels does not saturate over snow while, AVHRR and 

TM sensors experience significant saturation over snow and ice targets in visible 

channels. 

 Obscuring of the ground by cloud cover and obscuring of snow cover by vegetation 

canopies are the two main difficulties in estimating snow cover area from AVHRR 

images. MODIS on the other hand gives better estimation of snow cover area due to 

better spectral resolution (36 MODIS bands compared to 5 on AVHRR) and higher 

spatial resolution of the daily gridded snow cover products (Hall et al.,1998). 

Several studies have been conducted to determine the ability of MODIS to detect snow cover 

area. Prior to the launch of MODIS, Hall et al., (1998) and Klein et al., (1998), used a 

prototype of the MODIS SCA classification algorithm (SNOWMAP) to estimate the 

expected performance of the MODIS SCA product (Hall et al., 2000a). They used Landsat 

thematic mapper of 30m resolution data with the SNOWMAP algorithm to derive prototype 

SCA images. These prototype SCA images were then compared with NOHRSC (National 
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Operational Hydrologic Remote Sensing Center) snow maps and coarser scale SCA maps 

derived from the operational Special Sensor Microwave Imager (SSM/I) sensor. Their results 

showed that, the SNOWMAP algorithm applied to Landsat data provided a better overall 

representation of the total snow cover over four regions than did the NOHRSC and SSM/I 

snow maps. Maurer et al., (2000) identified significant improvement in SCA determination 

using MODIS product in the forested and topographically complex portions of the Columbia 

River basin. For this, they used ground observations of snow depth to evaluate differences 

between the MODIS SCA product and the operational NOHRSC images for few specific 

days during March to May, 2000. 

Apart from the advantages, the main shortcoming in the MODIS SCA data is the high cloud 

obscuration which prevents its use in many applications. However, researchers have 

developed several methods to reduce the cloud cover pixels from the MODIS products. Such 

methods include, (i) combining Terra and Aqua MODIS data, (ii) Spatial filtering, (iii) 

Temporal filtering, (iv) eight days’ maximum snow cover extent and (v) time series of 

thresholds of snow accumulation and melt. Most studies implemented the combination of 

both Terra and Aqua MODIS products to reduce cloud cover by considering the local 

crossing time difference between these two satellites (Gofurov and Bardossy, 2009; Parajka 

and Bloschl, 2008; Wang et al., 2008). By doing this, it is possible to have different cloud 

coverage within a difference of three hours (as local equatorial crossing time of Terra is 

10:30 a.m. in a descending node and of Aqua is 1:30 p.m. in an ascending node). 

Another procedure of reducing cloud cover pixels is the spatial filtering based on 4 or 8 

neighboring pixels (Xie et al., 2009). However, in this process, there is a possibility of 

sacrificing some of the spatial resolution by replacing cloud pixels with the majority class of 

neighboring pixels (Gao et al., 2010). But, better spatial resolution can be maintained by 

using spatial filtering based on only orthogonal neighboring pixels (Gafurov and Bardossy, 

2009). Snow cover products produced by compositing the daily images is used as a temporal 

approach to maximize the number of snow pixels and to minimize the number of cloud pixels 

(Gao et al., 2010; Liang et al., 2008; Riggs et al., 2006). Another approach used to reduce 

cloud pixels is the temporal filtering (Zhao and Fernandes, 2009) where the cloud pixel is 

replaced by the most recent preceding non-cloud observation at the same pixel. 

Various researchers across the globe used MODIS data to study snow and glacier. Khosbayar 

et al., (2008) determined the yearly areal extent of glacier and snow coverage in Western part 

of Mangolia for June-August, 2006 using MODIS data MOD10A2 and MODIS’s snow 
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product of 8-day temporal resolution. They used Normalized Difference Snow Index with K-

means classification method to determine the snow cover area. They established the fact that 

MODIS snow products are easy to use and suitable for seasonal period of many year snow 

cover. 

Anderson (2008), studied on a small section of ocean off shore of the United Kingdom and 

France using MODIS 250m cloud mask to determine the probability of glaciation. They 

found that for thicker clouds, temperature is a more important factor defining the glaciation 

level. They also found that thicker clouds reach glaciation at higher temperatures than thin 

clouds. 

Chu et al., (2009) explored whether temporal variations in ice-sheet surface hydrology can be 

linked to the development of a downstream sediment plume in Kangerlussuaq Fjord by 

comparing (1) plume area and suspended sediment concentration from MODIS imagery and 

field data; (2) ice-sheet melt extent from Special Sensor Microwave/Imager (SSM/I) passive 

microwave data; and (3) supraglacial lake drainage events from MODIS. Their results 

confirmed that the origin of the sediment plume is meltwater release from the ice-sheet. They 

also concluded that remote sensing of sediment plume behavior offers a novel tool for 

detecting the presence, timing and inter-annual variability of meltwater release from the ice-

sheet. 

2.3.4  Himalayan glaciers and its study using remote sensing  

Glaciers constitute an important component of the Himalaya which covers over 33,000 km
2
 

of area (Dyurgerov and Meier, 2005; Kaul, 1999). Melting of these huge glaciers may 

significantly contribute to the ongoing sea level rise and because of this, monitoring of 

glaciers has become very important (Kaser et al., 2006). Also, runoff generated by the 

melting of these glaciers is an important source of water for the people living in the 

Himalayan Valleys (WWF, 2005). In regions where the climate change signal is not clear, the 

change in glacier length, areal extent and mass balance can be used as climate indicators (Roy 

and Balling, 2005; Yadav et al., 2004). Due to size and remoteness of glaciers in Himalaya, 

satellite imagery is a suitable means to obtain comprehensive and more frequent sampling of 

their evolution (Bishop et al., 2000). Remote sensing studies in this region mainly aim at 

establishing digital glacier inventories to track the changes in glacier surface when compared 

to older map-based inventories (Kargel et al., 2005; Kaul, 1999). Rango et al., (1977) used 

simple photo interpretation techniques to map snow cover areas in the Indus and Kabul river 

basins in Pakistan. Kargel et al., (2005) and Wessels et al., (2002) used multispectral (in 
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particular ASTER) images to detect the growth of supra-glacial and moraine dammed lakes 

in the central and eastern Himalaya. Also, Ageta et al., (2000) studied the variations of such 

lakes in Bhutan using satellite imageries, photographs and maps.  

SPOT images have been used to observe the surface features of Khumbu glacier, Nepal 

Himalaya (Seko et al., 1998) and Batura glacier in Pakistan (Bishop et al., 1995).  

The advantage of the use of combination of ASTER and SRTM data to produce a synthetic 

digital elevation model (DEM) has been given by Kaab (2005). He used this synthetic DEM 

to map the dynamic behavior of glaciers in the northern and southern flanks of the main 

mountain ridge in Bhutan (East Himalaya) and the results were quite satisfactory.  

Immerzeel et al., (2008) used various remote sensing products to identify the spatial and 

temporal trends in snow cover in river basins originating in the Himalayas and adjacent 

Tibetan-Qinghai plateau. Their study also proved that remote sensing allows detection of 

spatial-temporal patterns of snow cover across large areas in inaccessible terrain. Their 

results showed large variation in snow cover between years while an increasing trend from 

west to east was observed. 

Glacier mapping from satellite multispectral image data is hampered by debris cover on 

glacier surfaces. To map the supra-glacial debris, Paul et al., (2004) developed a method by 

combining the advantages of automated multispectral classification for clean glacier ice and 

vegetation with slope information derived from ASTER DEM. They compared it to an ANN 

classification of debris using only multispectral data. They found that the combination with 

an ASTER-derived DEM revealed promising results compared to the ANN classification that 

was done without DEM data. 

Considering the widespread retreating trend of the Himalayan glaciers, an attempt has been 

made by Phillip and Sah (2004) to employ high resolution Indian Remote Sensing satellite 

(IRS) data to (a) map distinct glacier landforms belonging to the Shaune Garang glacier, (b) 

comprehend different phases of glacial advance and retreat and (c) evaluate the utility of high 

resolution satellite data in glacier studies. High resolution IRS-1C/1D-LISS-III and 

Panchromatic (PAN) data had appeared to be useful to delineate glacier landforms that are 

indicative of glacier recession and advance in inaccessible terrain like the Himalaya. 

Luckman et al., (2007) compared two techniques to measure flow rates in the Everest region 

glaciers. Using the examples of the Khumbu glacier flowing south into Nepal and the 

Kangshung glacier flowing east into China, they compared SRI and SAR feature tracking in 

ERS images. They examined the potential to monitor flow rates across the region. The 
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techniques were found to be highly complementary and appropriate for monitoring flow rates 

in this region, suggesting that routine monitoring of Himalayan glacier is possible. 

Paudel and Anderson (2011) proposed a five successive steps approach- combining Terra and 

Aqua MODIS satellite data; adjacent temporal deduction; spatial filtering based on 

orthogonal neighboring pixels; spatial filtering based on a zonal snowline approach; and 

temporal filtering based on a zonal snow cycle to remove cloud obscuration from MODIS 

snow products as well as to examine the spatial and temporal variability of snow cover in 

Trans Himalayan region (THR) of Nepal. The proposed five-step method was found to be 

efficient in cloud reduction with average accuracy of > 91%. The results showed very high 

inter-annual and intra-seasonal variability of average snow cover, maximum snow extent and 

snow cover duration over the last decade.  

Only few remote sensing studies addressed the crucial question of glacier mass balance till 

now. Kulkarni (1992) established a relationship between the specific mass balance and the 

accumulation area ratio (AAR) of the equilibrium line altitude for two glaciers (Gara and 

Gor-Gorang) in Himachal Pradesh. Assuming that the snow line at the end of the melting 

season indicates the ELA, Kulkarni et al., (2004) proposed to estimate the mass balance of 

these two glaciers using Landsat images. However, this relationship is different from one 

glacier to another. Berthier et al., (2007) used remote sensing data to monitor glacier 

elevation changes and mass balance in the Spiti/Lahaul region, Himachal Pradesh, Western 

Himalaya. They compared a 2004 DEM which was derived from two SPOT5 satellite optical 

images to the 2000 SRTM topography. Between 1999 and 2004, they obtained an overall 

specific mass balance of -0.7 to -0.85 m/a (water equivalent). The rate of ice loss was twice 

higher than the long-term (1977 to 1999) mass balance record for Himalaya indicating an 

increase in pace of glacier wastage. They concluded that future studies using a similar 

methodology could determine whether similar ice losses have occurred in other parts of the 

Himalaya and may allow evaluation of the contribution of this mountain range to ongoing sea 

level rise. 

2.4 Climate change and its impact on snow/glacier 

Mountain glaciers play an important role to detect and monitor climate change in regions not 

typically monitored by instrumentation (Haeberli et al., 2007). The rate of warming in lower 

troposphere increases with altitude i.e. temperature increases more in high mountains than at 

low altitudes (Bradley et al., 2004). Again, mountain areas exhibit a large spatial variation in 

climate zones due to large differences in altitude over small horizontal distances. These 
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conditions make mountain areas more vulnerable to climate change (Beniston et al., 1997). 

The change in climate and its impact on the extent of global snow covered and glacierized 

areas have been studied by many researchers around the world. Walcher (1773) was one of 

the first to propose the fact that glacier fluctuations are the result of variations in climatic 

conditions. Angstrom (1933) stressed on the importance of temperature, radiation and wind 

as agents for snow and glacier melting. Ahlmann (1935; 1948) derived the first empirical 

formula for the computation of ablation from known values of climatic parameters such as 

incident radiation, air temperature and wind velocity. 

IPCC (2001a) reported that extent of snow cover has decreased by 10% since late 1960s. 

Long-term records on glacier fluctuation indicating retreat of mountain glaciers support the 

change in climate in the past century (Letreguilly aand Reynaud, 1990). In contrast to this, 

some glaciers like Nigardsbreen (Norway) and Franz Josef Glacier (New Zealand) are in 

advancing trend (Oerlemans et al., 1998). However, an overall retreat of mountain glaciers 

has been observed in non-polar regions during the 20
th

 century. According to Haeberli and 

Beniston (1998), the retreat extent of glacierization in the European Alps is reduced to 30-

40%, whereas the volume of ice has been reduced by 50% since the middle of the past 

century. Dyurgerov (2002) reported that melting of glaciers will accelerate in continental 

regions, North America, South America, Central Asia, sub-polar glaciers and will contribute 

to sea level rise. 

If glaciers continue to retreat this way, many small mountain glaciers will disappear within 

the 21
st
 century (Nesje et al., 2008). However, within a region, small and large glaciers 

retreat/advance at different rates (Granshaw and Fountain, 2006; Fountain et al., 2009) and 

past retreat and advances of a glacier may not indicate how that glacier will change in the 

future. In addition, because of the fact that climate change within a region is not typically 

spatially uniform, similar glaciers in different basins within the same region may not 

experience identical changes (Shindell and Faluvegi, 2009).  

In a western Canadian mountain range, De Beer and Sharp (2009) found that 75 out of 86 

small glaciers did not show noticeable size change during a similar time period. The lack of 

change implies that either this mountain region experienced no late 20
th

 century warming or 

that the small glaciers did not respond to any warming. The authors stated that the lack of 

glacier change was due to small size and sheltered locations of glaciers which allowed them 

to be roughly in balance with late 20
th

 century climate conditions. The interpretation of 
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climate change based on the behavior of small cirque glaciers is not always straightforward or 

unique (Bolch et al., 2010).  

Brown et al., (2010) considered 11 different warming scenarios for Sperry glacier, Glacier 

National Park, Montana to study future change of glaciers under these warming scenarios. 

The scenarios varied from no warming to warming at a linear rate of 10°C/century. They 

assumed constant precipitation and considered only the change invoked by warming. They 

derived a relationship between magnitude of temperature change and the sensitivity of the 

glacier to the change in temperature. Their result showed that under large magnitude 

warming, the glacier undergoes rapid area and volume reductions that are insensitive to minor 

variations to the warming rate. They concluded that a small change in climate would produce 

varying responses for glaciers throughout the region, whereas the glacier response to a large 

change in climate would likely to be very similar over the entire region. 

2.4.1 Impact of climate change on Himalayan glaciers 

Brahmaputra, Ganges and Indus are the three major river systems of Indian subcontinent 

which originate in the Himalayas and are expected to be much vulnerable to climate change 

because of substantial contribution from snow and glaciers (Singh et al., 1997a; Singh and 

Jain, 2002).  During winter, a large extent of mountainous area of Himalayan river basins is 

covered by snow which starts ablating during summer causing huge discharge at the 

downstream of these rivers. 

The snow cover in the Himalayas can be categorized as, temporary snow cover, seasonal 

snow cover and permanent snowfields or glaciers. Snow cover that stays for a few days and 

then melts away is termed as ‘temporary snow cover’. Such snow usually occurs at lower 

altitude during winter and sometimes at higher altitude during summer. Snow cover that is 

formed over weeks or months by consecutive snowfalls and then melts away during the 

following summer is termed as ‘seasonal snow cover’. The snow cover above a certain 

altitude that is carried over to the next winter season without melting during summer is 

termed as ‘permanent snowfields or glaciers’. The seasonal snowpack is more important in 

that it contributes to the water resources during lean summer months. 

The Himalaya-Karakoram-Hindu Kush (HKH) along with the adjoining Tibetan Plateau and 

central Asian mountain ranges such as Tien Shan and Kunlun ranges of western China, have 

the most highly glaciated area and largest body of ice outside the polar region (Kulkarni et 

al., 2007). The glaciers and snowfields of the HKH mountain belts and Tibetan Plateau are 
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amongst the fastest receding glacial and snow cover in the world (Dyurgerov and Meier, 

2005). According to Kulkarni et al., (2007) and Raina (2009), widespread fragmentation of 

glaciers has also degraded the total areal coverage of perennial snow and ice in this region.  

Jain (2001) used SNOWMOD model to study the impact of warmer climate on melt and 

evaporation in the Satluj basin. They adopted three future temperature scenarios (T+1, T+2 

and T+3°C). They found that under a warmer climate, melt was reduced from snowfed 

basins, but increased from glacierfed basins. For T+2°C scenario, annual melt was reduced 

by 18% for snowfed basin, while it increased by 33% for the glacierfed basin. 

Afzal et al., (2014) used MODIS 8 day composite data to identify spatial-temporal trends in 

snow cover in the upper Indus basin from 2001 to 2005. For the same period, they analyzed 

the temperature data for upper Indus basin. They found that the snow cover of Indus basin 

showed an increasing trend from west to east. They also concluded that regional warming is 

affecting the hydrology of upper Indus basin due to accelerated glacial melting. 

2.5 Impact of change in snow cover area on discharge of rivers 

Mountains are considered as the important source of water supply to the downstream areas. 

More than one sixth of the global population depends on water supplied by mountains and 

hence changes in hydrology and water availability are expected to be large in mountain 

basins (Barnett et al., 2005; Viviroli et al., 2007). Snow and ice are considered as the natural 

store of water in the mountainous regions. Due to global warming and other climatic factors, 

the snow cover areas are gradually decreasing and this diminishing role of snow and ice will 

have a tremendous impact in the downstream (Afzal et al., 2014). The degradation of snow 

cover area will have influence on stream water availability in the river basins where snow and 

glacier melt constitute the main component of stream flow in summer. On the contrary, 

advancing glacier may store solid-precipitation, reducing summer stream flow and can cause 

local hazards (Bochhiola et al., 2011). 

The Himalaya-Karakoram-Hindu Kush region is referred to as the ‘Water Tower of Asia’ and 

is the source of ten largest rivers in Asia namely, Ganga, Brahmaputra, Indus, Tarim, 

Mekong, Irrawady, Amu Darya, Salween, Yangtze Kiang and Huang Ho (Yellow River). 

Snow, ice and glacial melts constitute a significant component of the river flows in all the 

Himalayan river basins. However, the percentage contribution of melt water from snow and 

ice on the discharge varies considerably from one river to another (Singh and Bengtsson, 

2004; Barnett et al., 2005; Xu et al., 2009).  

TH-1585_10610426



23 
 

Hakeem et al., (2014) examined the annual snow and glacier cover variations in the Shigar 

river basin of the Indus River and its impact on discharge of the river. For this study they 

used the MODIS snow products. Their analysis showed that Shigar river discharge is mainly 

influenced by seasonal and annual snow cover area variation. 

Siderius et al., (2013) used four hydrological models, VIC, JULES, LPJmL and SWAT to 

estimate snowmelt contribution to flow at seasonal and annual timescale for Ganges River. 

They found that snowmelt contribution is between 1-5% of overall basin runoff. 

Sarkar, A.(2015) used the SNOWMOD model to study the behavior of total streamflow as 

well as snowmelt runoff under changing climatic conditions for the Subansiri sub-basin of the 

Brahmaputra River basin. They found that the total streamflow as well as snowmelt runoff 

for this basin increase with temperature. Snowmelt runoff was found to increase by 5% and 

12% for the increase of 1°C and 2°C in temperature respectively. However, not much change 

in snowmelt runoff was observed with changed precipitation scenarios. 

2.6 Land use/land cover change detection study 

Land is the most important natural resource, which embodies soil, water and associated flora 

and fauna involving the total ecosystem (Shamsudheen et al., 2005). Extra pressure on the 

available land has been brought by the growing pressure of population coupled with 

increasing demands made on land resources (Rao et al., 1996). Land use and land cover are 

two separate terminologies and are often used interchangeably (Dimyati et al., 1996). Land 

cover refers to the physical characteristics of the earth’s surface such as vegetation, water, 

soil etc., while the way in which the land has been used by humans and their habitat is 

referred to as land use. Natural and socio-economic factors and their utilization by humans in 

time and space mainly affect the land use/land cover pattern of a region. Land use/land cover 

assessment is an important parameter for meaningful planning of land resource management 

(Rawat and Kumar, 2015). The change in the state of the biosphere and bio-geochemical 

cycles are driven by heterogeneous changes in land use and continuation of those uses 

(Turner et al., 1995). Agriculture planning, settlement surveys, environmental studies and 

operational planning based on agro-climatic zones are the various resource sectors where the 

importance of land use/land cover change detection is gradually increasing (Jayakumar and 

Arockiasamy, 2003). Land use/land cover changes are important elements of the global 

environmental change processes and its detection is very essential for better understanding of 

landscape dynamics during a known period of time (Jaisawal et al., 2001). The changes in 
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land use/land cover is a widespread and accelerating process which in turn impacts the 

natural ecosystem (Ruiz-Luna and Berlanga-Robles, 2003; Turner and Ruscher, 2004).  

2.6.1 Application of remote sensing and GIS on land use/land cover study 

Remote sensing and GIS plays an important role in detection of land use/land cover changes 

(Yuan et al., 2005; Brondizio et al., 1994). Remote sensing collects multi-spectral, multi-

resolution, multi-temporal data, and turns them into useful information. Remote sensing and 

GIS techniques are widely used in the determination of spatial distribution of the catchment 

ecosystem characteristics and their impacts on catchment hydrology (Sharma et al., 2001; 

Zhan and Huang, 2004; Tsou and Zhan, 2004).  Since the invention of remote sensing and 

GIS, scientists around the world have been using this technology to prepare land use land 

cover maps (Khoram and John, 1991). The conventional methods of land use mapping are 

both labor intensive and time consuming. With passage of time, such maps along with the 

technology have become outdated. According to Olorunfemi (1983), monitoring changes and 

time series analysis is quite difficult with traditional method of surveying. The rapid 

development of satellite remote sensing techniques helps in preparation of accurate land 

use/land cover maps which in turn helps in monitoring changes at regular intervals of time. 

The accurate mapping of a region is an efficient way to improve the selection of areas 

designed to agriculture, urban and/or industrial areas of a region (Selcuk et al., 2003). One 

advantage of remotely sensed data is that, it made possible to study the changes in land cover 

in less time, at low cost and with better accuracy (Kachhwala, 1985) in association with GIS 

that provides suitable platform for data analysis, update and retrieval (Chilar, 2000). As a 

result, the land use/land cover mapping has become one of the most important applications of 

remote sensing (Lo and Choi, 2004). Analysis of satellite data in conjunction with drainage, 

lithology and land use/land cover data, assist evaluation of geomorphological conditions and 

status of degraded land in a particular region. As GIS provide an excellent means of spatial 

data analysis and interpretation, the datasets in GIS would provide a powerful mechanism to 

monitor degraded lands and other environmental changes (Burrough, 1986; Reddy et al., 

2002).  

Land use/land cover studies have been carried out in an extensive way ever since the launch 

of the first remote sensing satellite (Landsat-1) in 1972. For instance, NRSA used 1980-82 

Landsat multispectral scanner data for waste land mapping of India on 1:1 million scales. 

About 16.2% of waste lands were estimated based on the study.  
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Shoshany (1994) investigated the advantages of remote sensing techniques over field surveys 

providing a regional description of vegetation cover. The results of their research were then 

used to produce four vegetation cover maps that provided new information on spatial and 

temporal distribution of vegetation and also allowed quantitative assessment of vegetation 

cover.  

Adeniyi and Omojola (1999), used aerial photographs, Landsat MSS, SPOT 

XS/Panchromatic images to study land use/land cover changes in two dams (Sokoto and 

Guronyo) between 1962 and 1986 in the Sokoto-Rima basin of North-Western Nigeria. Their 

work revealed that before the construction of the dams, the land use/land cover in the basin 

was unchanged and settlement alone covered most part of the area. However, during the post-

dam era, land use/land cover classes changed but with settlement still remaining the largest. 

Daniel et al., (2002) compared five different methods to study the land use/land cover 

changes. The methods they employed were, traditional post-classification cross tabulation, 

cross correlation analysis, neural networks, knowledge-based expert systems and image 

segmentation and object-oriented classification. Nine land use/land cover classes were 

selected for the analysis. They observed that there are merits to each of the five methods 

examined and that, at the point of their research, no single approach can solve the land use 

change detection problem. 

Pandy and Nathawat (2006) carried out a study on land use/land cover mapping of 

Panchkula, Ambala and Yamunanger districts, Haryana state in India. They observed that the 

development of land use and land cover in these districts is mainly due to heterogeneous 

climate and physiographic conditions. By analysis of satellite data they also found that 

majority of areas in these three districts are used for agricultural purpose.  

Bhagawat (2011) presented the change analysis based on the statistics extracted from four 

land use/land cover maps of the Kathmandu Metropolitan area using GIS. According to him, 

land use statistics and transition matrices are important information to analyze the changes of 

land use. 

El-Asmar et al., (2013) applied two remote sensing indices, i.e., normalized difference water 

index (NDWI) and modified normalized difference water index (MNDWI) in the Burullus 

Lagoon, North of the Nile Delta, Egypt for quantifying the change in the water body area of 

the lagoon in 1973 and 2011. 
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Landsat-TM images represent valuable and continuous records of the earth’s surface and are 

also a wealth of information for identifying and monitoring changes in manmade and 

physical environments (USGS, 2014; Chander et al., 2009; El Bastawesy, 2014). To map and 

monitor land cover changes in the seven-country Twin Cities of Metropolitan Area of 

Minnesota for 1986, 1991, 1998 and 2002, Yuan et al., (2005) developed a methodology 

using multi-temporal Landsat TM data. They found from the analysis that between 1986 and 

2002 the amount of urban land increased from 23.7% to 32.8% of the total area, while 

agriculture, forest and wetland cover decreased from 69.6% to 60.5%. A post-classification 

method with maximum likelihood classifier algorithm was adopted by Adepoju et al., (2006) 

to examine the land use/land cover changes that have taken place in Lagos for the last two 

decades due to rapid urbanization. Nori et al., (2008) applied two different change detection 

techniques namely, comparison of classification and multivariate alteration detection(MAD) 

to assess land cover changes in El Rawshda forest, Sudan by using Landsat ETM+ and 

ASTER imageries. They found increase in area in both close forest and open forest and 

decrease in area covered by grasslands within the period 2003-2006.  

The freely available MODIS data can also be used efficiently to study land use/land cover 

with greater thematic, spatial and temporal detail. Zhan et al., (2002) used the MODIS 250m 

Level 1B radiance data for five different cases viz., Idaho-Montana wildfires, the Cerro 

Grande prescribed fire in New Maxico, flood in Combodia, Thailand-Laos flood retreat and 

deforestation in southern Brazil to test the Vegetative Cover Conversion (VCC) change 

detection algorithm for the year 2000. VCC product is designed to serve as a global alarm for 

land cover change caused by anthropogenic activities and extreme natural events. They found 

that four of the five change detection methods for the MODIS VCC product worked 

satisfactorily for the detection of flooded area, burned area and deforestation.  

The MODIS 500m resolution data are particularly relevant for regional and continental 

applications. Giri and Jenkins (2005) prepared land cover database of Greater Mesoamerica 

using MODIS 500m resolution satellite data. These land cover data were an improvement 

over traditional AVHRR based land cover data in terms of both spatial and thematic detail. 

Their study revealed that MODIS 500 m data are quite useful for broad-scale land cover 

mapping.   

Kaishan et al., (2011) used MODIS 250m Normalized Difference Vegetation Index (NDVI), 

Land Surface Vegetation Index (LSVI) and reflectance time series data for 2001 and 2007 to 

map land use/land cover in the Amur River basin. They found that MODIS 250m NDVI 
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datasets provide sufficient spatial, spectral and temporal resolution to detect major land cover 

types compared to the existing land use/land cover data as derived from Landsat TM data.  

Hu and Zhang (2013) detected temporal and spatial changes of land use/land cover over the 

Pearl River Delta region, China from March 2008 to December 2009 using multi-temporal 

MODIS images. They used post-classification change detection method and maximum 

likelihood classifier algorithm to detect the changes in five classes (cropland, water, bare 

land, urban and woodland). The study provides an example of seasonal change detection of 

land use/land cover types using MODIS data in regions of rapid urbanization. 

Usman et al., (2015) used MODIS data of 250m spatial resolution for preparation of land use 

maps of the Lower Chenab canal irrigated region of Pakistan from 2005 to 2012. They 

concluded that MODIS products are quite useful to discriminate different land use/land cover 

classes.  

Like in other parts of the world, in India also, various scholars have done researches on land 

use/land cover analysis. Sarma and Kushwaha (2005) worked on the impact of coal mining 

on land use/land cover in Jaintia hills districtof Meghalaya, India using Landsat data of 1975, 

1987, 1999 and 2005. Visual interpretation technique has been used to prepare the land 

use/land cover maps. They concluded that there was fourfold increase in mining area from 

1975 to 2005 accompanied by three fold decrease in forest area. Kuldeep and Kamlesh 

(2011) studied the land use/land cover change detection in the Dehradun valley, India 

between 2000 and 2009 using Landsat (ETM+, TM, MSS), LISSIII, SRTM and digital SOI 

topographic maps. They found that during this period, forest area has decreased by 3.75% 

and water has decreased by 9.5%. Also built up area during this period has remarkably 

increased by 112.4%. Pooja et al., (2012) studied the land use/land cover changes of Gagas 

watershed of Almora district over a period of 43 years using Survey of India toposheet of the 

year 1965 and LISS III satellite data for the year 2008. Amin et al., (2012) carried out a study 

on land use land cover mapping of Srinagar city in Kashmir valley. Significant changes have 

been observed in the city during 1990 to 2007 including loss of forest area, open spaces etc. 

Mehta et al., (2012) presented an integrated approach of remote sensing and GIS for land 

use/land cover study of arid environment of Kutch region in Gujarat from 1999 to 2009. 

Sharma et al., (2012) introduced land consumption rate (LCR) and land absorption coefficient 

(LAC) for quantitative assessment of changes in Bhagalpur city of Bihar, India between the 

years 1976 and 2008. Rawat et al., (2013a-d, 2014) carried out land use land cover of 

Ramnagar, Nainital, Bhimtal, Almora and Haldwani towns of Kumaun Himalaya in 
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Uttarakhand, India.Based on satellite data from 1990 to 2010 of land use/land cover change, 

they found that built up area has sharply increased due to the construction of new buildings in 

agricultural and vegetation lands. Singh et al., (2014) used Landsat-8 data to assess the land 

use pattern and their spatial variation in Orr watershed of Ashok Nagar district, Madhya 

Pradesh, India. Bora and Goswami (2016) used Survey of India toposheets for the year 1967-

68 and Landsat (ETM+) for the year 2014 to study the changes in land use/land cover in the 

Kolong river basin of Assam, India. They found that agricultural land has decreased from 

2216.96 km
2
 to 1449.39 km

2
 during the period from 1967-68 to 2014. The built up area has 

increased from 1069.05 km
2
 to 1838.84 km

2
 during the study period. 

2.6.2 Impact of change in land use/land cover on hydrology 

The change in land use/land cover has considerable impact on the runoff characteristics and 

related hydrological processes. For example, during urbanization trees and vegetations are 

removed which leads to decrease in evapotranspiration and interception and also shortens the 

time of concentration. Many researchers have investigated the relationship between land use 

change and hydrologic response in catchments (Isik et al., 2013; Ozturk et al., 2013). The 

hydrology of a watershed is affected by many factors such as vegetation types, soil 

properties, geology, terrain, climate, land use practices etc. Increasing precipitation alone is 

not sufficient to explain the increasing discharge in a watershed (Schilling and Libra, 2003; 

Raymond et al., 2008). Along with precipitation, streamflow of a river is also affected by the 

changes that occur in land use/land cover of the watershed. A study done on the Iowa’s river 

by Schilling and Lutz (2004) proved that increasing base flow is related to increasing 

agricultural intensity. Zhang and Schilling (2006) stated that increasing streamflow in 

Mississippi River was mainly due to an increase in base flow resulting from land use 

changes. Both climate and land use change are important drivers of change in watershed 

hydrology (Raymond et al., 2008; Lioubimtseva et al., 2005). Land use change can result in 

change in flood frequency (Brath et al., 2006), base flow (Wang et al., 2006) and annual 

mean discharge (Costa et al., 2003), while change in climate has impact on change in flow 

routine time, peak flows and volume (Changon and Dimissie, 1996). Fohrer et al., (2001) 

showed the impact of land use change on the annual water balance and temporal discharge 

variability in a meso-scale catchment using Soil and Water Assessment Tool (SWAT) model. 

They found that surface runoff is the most sensitive variable affected by the considered 

change. 
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Liu et al., (2003) based on the simulated results of (SWAT) model concluded that climate 

variation decreased runoff by 109% and land use change increased runoff by 10% in a region 

of the Yellow River during 1980-1990. Hessel et al., (2003) used Limburg Soil Erosion 

Model (LISEM) to simulate the effect of land use and management strategies on runoff 

reduction and erosion rates in the Danangou catchment in the Loess Plateau. They reported 

significant decrease in discharge and soil loss if the land use pattern was changed according 

to the slope-steepness-based conservation strategies. Huang and Zhang (2004) found that 

mean annual surface runoff and base flow decreased by 32% during 1967-1989 due to the 

implementation of conservation practices in the Jialuhe River catchment after removing the 

contribution of precipitation variation. Mu (2007) statistically separated the impacts of 

precipitation and land use change in the He Long region of Yellow River from 1950s and 

reported 29% and 71% decreases in runoff due to changes in precipitation and land use 

respectively. Li et al., (2009) studied the impacts of land use change and climate variability 

on surface hydrology in the Heihe catchment in the Loess plateau using SWAT model. Their 

study showed that both land use change and climate variability decreased runoff by 9.6% and 

95.8% respectively. Sharma et al., (2001) carried out a study to assess the impact of land use 

changes on hydrological response in Jasdan Taluka of Rajkot district in Gujarat, India, where 

they used Curve Number model to estimate runoff from the watershed. It was observed that 

the runoff yield decreased by 42.88% of the pre-conservation value of the watershed. 

Noorazuan et al., (2003) evaluated the impact of urban land use/land cover change on 

hydrological regime for the period 1983-1994 in Langat river basin, Malaysia. Their study 

revealed that due to the change in landscape diversity in Langat after 1980s, surface runoff 

increased from 20.35% in 1983-1988 to about 27-31.4% in 1988-1994. Evidence from the 

research suggested that urbanization and changes in urban related land use/land cover could 

affect the streamflow behavior.  

2.6.3 Application of hydrologic models to study the impact of change in land use/land 

cover 

The relationship between land use/land cover changes and the hydrological response of a 

watershed can be evaluated by lumped, distributed, conceptual, or physical models. Lorup et 

al., (1998) combined a statistical method with Nedbor-Afstromnings conceptual hydrological 

model to study the effect of climate variability and land use change on runoff from six semi-

arid catchments. The model gave good performance and the difference between simulated 

and observed flow was considered to be a key test variable to assess the impact of land use 
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change on catchment runoff. Thanapakpawin et al., (2006) utilized a spatially explicit 

hydrological model named the Distributed Hydrology-Soil Vegetation Model (DHSVM) to 

simulate forest-crop expansion and crop to forest reverse expansion scenario based on land 

use change during the period 1989-2000. Their results showed that the expansion of highland 

crop fields led to slightly higher annual and wet season water yields compared to similar 

expansion in lowland-midland zones. Numerical data-driven models such as Regression, 

ANN, Fuzzy and GA are not capable of modeling the relationship between hydrologic 

response and physical characteristics of the basin. However, process-based distributed models 

have the potential to quantify and forecast the dynamics of water availability with land use 

and climate change (Haigen et al., 2015). One drawback of these models is that they are 

highly data intensive and are not applicable to catchments with sparse datasets (Elfert and 

Bormann, 2010; Lin et al., 2008). Onstad and Jamicson (1970) studied the effect of land use 

change on runoff using a hydrological model and experienced the lack of data to validate the 

results. In order to meet the data requirement of such models, Thanapakpawin et al., (2006) 

utilized the Diurnal interpolation scheme from Variable Infiltration Capacity (VIC) model 

wherein they sub divided the daily records into three-hourly temperature, radiation and 

relative humidity. Niehoff et al., (2002) studied the impact of land surface conditions on 

storm runoff generation at meso-scale in three catchments which represent different land use 

patterns. Warburton et al., (2012) used the conceptual and physical Agricultural Catchments 

Research Unit (ACRU) model to study the difference in hydrological response in three 

diverse and complex catchments in South Africa. 

2.7 Rainfall-runoff modelling 

Modelling of rainfall-runoff process is very complicated due to spatial and temporal 

variability of topographical characteristics, rainfall pattern and the number of parameters to 

be derived during the calibration (Nandakumar and Mein, 1997). Hydrologic models can be 

broadly classified into the following categories (Chow et al., 1988): 

1. Deterministic models: In deterministic models, randomness is not considered and a 

given input always produces the same output. Deterministic models are further 

categorized as, 

a. Deterministic lumped model: Such models are in general applied to a single 

point or a region (Niel et al., 2003). The parameters used in lumped model 

represent spatially averaged characteristics in the system. 
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b. Deterministic semi-distributed model: Such models divide the whole 

catchment into Hydrologic Response Units (HRUs) based on land use/land 

cover, soil type and slope and simulate the various hydrological processes in 

each HRU. 

c. Deterministic distributed model: It considers the hydrological processes taking 

place at each grid and defines the model variables as functions of the space 

dimensions (Beven et al., 1980; Feyen et al., 2000). 

2. Stochastic models: The output of stochastic models is at least partially random and 

hence these models make statistical predictions. Stochastic models are classified as 

space independent or space correlated depending on whether the random variables in 

space influence each other. 

Apart from these, the hydrological models can also be classified as conceptual, empirical and 

physical models. Many empirical models such as linear and non-linear regression, ANN etc. 

are used for rainfall-runoff modelling to predict runoff in different catchments (Chen et al., 

2013; Halff et al., 1993; Shirke et al., 2012). Empirical models establish the relationship 

between rainfall and runoff based on the hydro-meteorological data and contain no physical 

transformation function to relate input to output (Sarkar and Kumar, 2012; Sudheer et al., 

2002). Rainfall alone cannot explain the runoff variance efficiently which can be attributed to 

antecedent moisture content, rainfall intensity, and physical characteristics of the catchment 

such as geology, soil, slope and land use/land cover conditions (Costa et al., 2003). Thus, the 

main constraint of the empirical models is the non-consideration of physical processes such 

as sub-surface flow, surface runoff and infiltration in the catchment. Moreover, theses 

numerical models are incapable of modelling the influence of change in vegetation on various 

hydrological components. Conceptual models are simplifications of the complex process of 

runoff generation in a catchment. Viviroli et al., (2009) introduced precipitation-runoff-

evapotranspiration HRU model, a semi-distributed hydrological model that implements a 

conceptual process-oriented approach. The model was developed to suit mountainous 

environmental conditions. Valent et al., (2012) used lumped conceptual model, Hron rainfall-

runoff model to predict runoff. The results suggested that the model has uncertainties with 

respect to conceptualization of complex runoff generation process. Parajka et al., (2006) also 

used a conceptual semi-distributed model to study the soil moisture dynamics which alter the 

hydrological processes by utilizing scatterometer data in the model. The physically based 

distributed models on the other hand are able to represent the spatial variability of land 

surface characteristics such as topographic elevation, slope, aspect, vegetation, soil and 
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climatic parameters like precipitation, temperature and evapotranspiration (Akbari and Singh, 

2012; Grayson et al., 1992; Niehoff et al., 2002).  

2.7.1 SCS-CN model and its application for runoff estimation 

The Soil Conservation Service Curve Number (SCS-CN) (SCS, 1956) method is a rainfall-

runoff modelling used efficiently and widely to determine direct runoff from a storm event. 

The CN is estimated based on the hydrologic soil group (HSG), land use/land cover and 

hydrologic conditions. Compared to the hydrological conditions, the soil properties and land 

use/land cover are of greater importance in controlling the values of CN (USDA, 1986). SCS-

CN is an infiltration loss model and does not account for evaporation and evapotranspiration 

loss (Ponce and Hawkinsm, 1996). CN is not a constant and varies from event to event 

(Kannan et al.,2007). Many researchers have used SCS model using remote sensing and GIS 

to explain the effect of land use/land cover change on runoff. The land use/land cover is an 

important parameter input of the SCS-CN model (Pandey and Sahu, 2002). Nayak and 

Jaiswal (2003) pointed out that GIS is an efficient tool for the preparation of most of the input 

data required by the SCS-CN model. Zhan and Huang (2004) elucidated the application of 

ArcCNRunoff tool which is an extension of ArcGIS software. This tool can be applied to 

determine the CNs and calculate runoff for a storm event within a watershed. They also 

suggested that implementation of precipitation time series and consideration of antecedent 

moisture conditions would improve the prediction of the ArcCNRunoff tool. 

Hong and Adler (2008) derived a global CN map by classifying hydrologic soil group (HSG) 

from digital soil maps and then estimating CN as a function of HSG, land cover classification 

and hydrologic conditions according to USDA (1986) and NEH-4 (1997) standard lookup 

tables. The application of this global CN map includes real time global flood assessment by 

incorporating an operational multi satellite precipitation estimation system. 

Jabari et al., (2009) used SCS-CN method to estimate runoff from the WadiSu’d watershed in 

Dura area of the Herbon district, West Bank, Palestine. The rainfall and land use data were 

used along with experimental data of soil classification and infiltration rate for the estimation 

of runoff. Their results revealed that the average annual runoff depth for the study area is 36.3 

mm and average volume of runoff from the same watershed is 67840.2 cubic meter per year. 

Banasik (2010) determined runoff CN in a small lowland and agricultural watershed in 

Center of Poland using over sixty rainfall-runoff events collected during 1980-2008. The 

analysis showed that empirical CN computed for events of precipitation larger than 20 mm is 

very close to CN estimated on the basis of land use and soil types for the watershed. 

TH-1585_10610426



33 
 

Nayak et al., (2012) applied SCS-CN model in ILWIS GIS platform to estimate variations in 

runoff for two different periods i.e.2001 and 2007 for the Goi river catchment of Narmada 

River basin in Central India. Remote sensing satellite data have been used to prepare the land 

use/land cover and soil maps. They found that the agricultural area has increased drastically 

and forest area has reduced considerably resulting in 20-40% increase in the surface runoff 

volume in 2007 compared to those in 2001 for similar rainfall events. 

Williams et al., (2012) described the evolution of the continuous CN method and its recent 

developments. They presented the test results on the basis of the direct-link soil moisture 

approach and the revised soil-moisture index method. Their results indicated that the revised 

soil-moisture index method is robust and produces realistic runoff estimates over a wide 

range of soil properties. 

Sahu et al., (2012) compared the performance of four modified SCS-CN methods in surface 

runoff computation in two catchments in Maharashtra, India. Their study mentioned that 

despite very large size of the watersheds, all the four modified SCS-CN based models 

performed reasonably well. 

Fan et al., (2013) developed a simulation model based on the SCS-CN method to analyze the 

rainfall-runoff relationship in Guangzhou, China. They used remote sensing variables such as 

vegetation, impervious surface and soil to calculate CN. Their experiment showed that the 

proposed method can derive composite CN effectively. 

Bansode and Patil (2014) estimated runoff for GP-3 watershed of Khuldabad Taluka in 

Aurangabad district in Maharashtra, India using modified SCS method for a period of 10 

years from 2003-2012. They calculated the monthly and yearly runoff for this period and 

found that graph for the yearly runoff was best fitted than the monthly runoff. 

Hejduk et al., (2015) computed the CN parameter for snowmelt-runoff events based on 

snowmelt and rainfall measurements in Zagozdzonka river catchment in Central Poland. 

They compared the CN received from 28 snowmelt-runoff events with the CN computed 

from rainfall-runoff events.  

Ahmed et al., (2015) used SCS-CN method in remote sensing and GIS environment to 

estimate the runoff depth in the Sheonath River of upper sub-basin of Chattisgarh in India. 

Their study revealed that remote sensing and GIS based SCS-CN method can be used 

effectively to estimate runoff from river basins of similar geo-hydrological characteristics. 
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Viji et al., (2015) also generated a GIS based CN method to determine the average annual 

runoff depth in the Kundapallam watershed of Tamil Nadu, India. The average annual runoff 

depth for the average annual rainfall of 173.5 mm was found to be 72.5 mm. The obtained 

results were comparable to the measured runoff in the watershed. 

Chavda et al., (2016) estimated runoff and water availability for two sites (Ozat-2 and 

Zanzesri) in the Ozat catchment situated in Junagadh, Gujarat, India using remote sensing 

and GIS based CN method. They concluded that SCS-CN method along with remote sensing 

and GIS can be used successfully in semi-arid region to estimate runoff. 

2.7.2 Application of Artificial Neural Network Model to estimate runoff 

Although the conceptual and physically based models account for the physical processes 

involved in the rainfall-runoff process, yet their use is limited because of the need of 

catchment specific parameters involved in the governing equations (Abulohom et al., 2001). 

Again the use of time series stochastic models is complicated because of non-linearity in the 

data (Guldala and Tongal, 2010). In such cases, Artificial Neural Network (ANN) acts as a 

powerful computing system for highly complex and non-linear systems. ANN can treat the 

non-linearity of the system to some extent due to their parallel architecture. The ANN model 

can identify the non-linear relationship between runoff and rainfall, even though it cannot 

represent the physical process of the catchment (Hsu et al., 1995). Kumar et al., (2005) and 

Mutlu et al., (2008) used different input variables to the ANN model for runoff simulation. 

They found that ANN model run with both rainfall and discharge as inputs gave better result 

than the ANN with only rainfall as the input. In contrast, few studies also reported poor 

performance of ANN compared to the conventional methods. For example, Gaume and 

Gosset (2003) compared feed forward ANN model with a linear model and a conceptual 

model. They found that the conceptual model outperformed the linear and the ANN model. 

Some other studies proved successful use of the ANN model in runoff simulation with high 

degree of accuracy (Agarwal and Singh, 2004). Maria et al., (2004) compared ANN and Box 

and Jenkins (Box and Jenkins, 1976) techniques and found that ANN is better than the Box 

and Jenkins model. Sohail et al., (2006) compared ANN with the Multivariate Auto 

Regressive Moving Average (MARMA) model in a small watershed of Tonoarea in Japan for 

wet and dry seasons. Their study also concluded that ANN gave better result than MARMA 

when the non-linearity of rainfall-runoff process is high. Thus, from the various studies, it is 

evident that ANN models provide better prediction compared to the conventional models. 

However, the accuracy and quantity of input data play important roles in ANN models. Much 
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of the works done using ANN to simulate rainfall-runoff process required good quality and 

highly reliable datasets. In addition, the quantity of data available is sufficient enough for the 

proper generalization of the ANN models. On the contrary, very few studies have reported 

the application of ANN in watersheds where the quality of collected dataset is poor and 

quantity wise the data is scarce (Sajikumar and Thandaveswara, 1999). 

A few studies carried out by various scientists to simulate runoff using ANN model are 

briefly described below: 

Reddy et al., (2008) modeled the rainfall-runoff process using simple time series (STS) and 

linear autoregressive (ARX) models and compared with ANNs. They used the monthly data 

of Sriramsagar, Mancherial and Polavaram gauging sites of Godavari basin in India. Their 

study revealed that the ANN models, because of their non-linear capability, outperformed the 

empirical approaches. They also found that the performance of ANN model in simulation and 

forecasting of monthly runoff can be improved by including the residuals derived from STS 

and ARX models as additional inputs together with rainfall. 

Ghunman et al., (2011) compared the performance of an ANN based rainfall-runoff model 

with a mathematical conceptual model in a watershed in Pakistan. They found that ANN 

model is an important alternative to conceptual models and can be used when the range of 

collected dataset is short and is of low standard.  

Song et al., (2012) proposed a hybrid rainfall-runoff model that integrates ANN with 

Xinanjiang (XAJ) model for Yanduhe watershed, the upper tributary of Yangtze River basin. 

ANN which is an effective tool in non-linear mapping was employed to explore non-linear 

transformations of the runoff generated from the individual sub-catchments into the total 

runoff at the entire watershed outlet. The results indicated that the approach of integrating 

ANN with XAJ model may achieve the promising results with acceptable accuracy for flood 

events simulation and forecast. 

Lafdani et al., (2013) used Adaptive Neural Fuzzy Inference System (ANFIS) and ANN to 

predict rainfall based on historical data in Eskandari basin in Iran for a 10-year period (1999-

2009). The runoff discharge produced by the predicted rainfall and observed rainfall were 

simulated by MIKE11/NAM model. They found that NAM model simulated the base flow 

more accurately than simulating the peak flow in the basin. 

Amirhossien et al., (2015) evaluated the capability of two different types of models including 

Hydrological Simulation Program-Fortran (HSPF) as a process-based model and ANN as a 

data driven model in simulating runoff from the Balkhichai River watershed in northwest of 
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Iran. Results of runoff simulation indicated that the simulated runoff by ANN was closer to 

the observed values than that predicted by HSPF.  

Wang et al., (2015) developed an SSA-ANN model by adopting singular spectrum analysis 

(SSA) as the data preprocessing technique. They compared SSA-ANN model with original 

ANN model without data preprocessing and a non-linear perturbation model (NLPM) based 

on ANN (NLPM-ANN).  They found that the training ability of ANN models can be 

improved by SSA and NLPM techniques significantly, and the performance of SSA-ANN 

model is much better than the NLPM-ANN model with high forecasting accuracy.  

Daliakopoulos and Tsanis (2016) compared a conceptual model with the ANN based 

Sacramento Soil Moisture Accounting Model (SAC-SMA) for Crete, Greece using monthly 

rainfall, streamflow and potential evapotranspiration as the inputs. They found that the ANN 

based SAC-SMA performed better and is superior to the conventional models.  

Karamouz et al., (2012) developed two models viz., IHACRES (Identification of Unit 

Hydrographs and Component Flows from Rainfall, Evaporation and Streamflow data) and 

ANN model and were compared for runoff simulation for the south-eastern part of Iran. The 

results showed that the IHACRES model outperformed ANN in simulating runoff and its 

results were comparable to the observed values. 

 

2.7.3 Scenario-based simulation of hydrological response in a catchment 

It becomes necessary to study the impact of changes in climate variables and land use on 

runoff, one of the major components of hydrological cycle (Huang et al., 2015). Legesse et 

al., (2003) assessed the sensitivity of water resources to the change in climate and land use in 

a semi-arid to sub-humid basin using a physically based semi-distributed model. Their 

climate scenario study revealed that the hydrologic system was more reactive to an increase 

in rainfall than to a decrease in rainfall. Li et al., (2009) and Ozturk et al., (2013) stated that 

the influence of climatic variability is more significant on surface hydrology than the land use 

change. Huang et al., (2015) in their study simulated the runoff of the upstream of Minjiang 

River for nine climate change scenarios by varying precipitation, temperature and potential 

evapotranspiration. Their study revealed that precipitation variation had more influence on 

simulated runoff than the temperature variation. 

Many researchers have developed various scenarios in order to study the effect of future land 

use/land cover on hydrological systems. Niu and Sivakumar (2013) and Wu and Johnson 

(2007) studied conversion of agricultural land to urban, forest and grassland to analyze its 
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impact on future hydrology. Scenario-based studies have shown that when a large part of a 

catchment is affected by extreme land use change, even a validated catchment model might 

not be able to simulate significant changes in water flows (Legesse et al., 2003). The proper 

land use/land cover change scenarios may promote reduction in natural hazards (He and 

Hogue, 2012; McColl and Aggett, 2007).  Wijesekara et al., (2012) assessed the impact of 

land use changes over the next 20 years on the hydrologic process by combining Cellular 

Automata model and MIKE-SHE/MIKE11 hydrologic model. They found a reduction of net 

capacity of water retention on surface due to the expansion of built-up and agricultural area 

which has led to an increase in surface runoff caused by a reduction in infiltration. 

 

2.8 General Circulation Model/ Global Climatic Model 

To study the impact of climate change at regional scale, the General Circulation 

Models(GCMs) are the most adapted tools which describe the atmospheric process by 

mathematical equations. The fully coupled Atmospheric-Ocean GCMs (AOGCMs), along 

with transient methods of forcing the concentration of greenhouse gases, have brought 

considerable improvement in the climate model results. The main limitations in application of 

GCMs and hydrological modes as given by Fowler et al., (2007) are, (i) the spatial scales of 

GCM and hydrological models are not consistent and hence, the output of GCMs cannot be 

used directly as inputs to the hydrological models, and (ii) the accuracy of precipitation 

simulations from GCMs cannot meet the requirements of hydrological simulations. There 

exist three considerable types of errors in the assessment of climate change impacts, namely 

uncertainty of climate modeling, uncertainty of downscaling techniques and uncertainty of 

hydrological modeling. GCM provides output at nodes of grid boxes which are tens of 

thousands of square kilometers in size, whereas the scale of interest to the hydrologists is of 

the order of a few hundred square kilometers. In spite of these limitations that lead to 

uncertainties, GCMs provide a robust and unambiguous picture of the climate system 

(Carmen et al., 2013). GCM principles are based on well established fundamental laws of 

physics such as conservation of mass, energy and momentum (Pitman and Perkin, 2008). 

These models are also capable of simulating important aspects of the current and past 

climates as well as their changes (Randall et al., 2007). Multi-model climate predictions have 

demonstrated that combining a number of models generally increases the skill, reliability and 

consistency of model predictions (Thomson et al., 2006; Cantelaube, 2005). 
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Several downscaling methods have been developed to deal with this problem of mismatch of 

spatial resolutions between GCMs and hydrological models. Downscaling has wide 

application in simulation/prediction of (i) regional precipitation (Kim et al., 2004), (ii) low-

frequency rainfall events (Wilby, 1998), (iii) mean, minimum and maximum air temperature 

(Kettle and Thompson, 2004), (iv) soil moisture (Georgakakos and Smith, 2001; Jasper et al., 

2004), (v) runoff (Arnell et al., 2003) and streamflows (Cannon and Wheatfield, 2002), (vi) 

ground water level (Bouraoui et al., 1999), (vii) transpiration (Misson et al., 2002), wind 

speed (Faucher et al., 1999), potential evapotranspiration rates (Weisse and Oestreicher, 

2001), (viii) soil erosion and crop yield (Zhang et al., 2004), (ix) landslide occurrence (Buma 

and Dehn, 2000) and (x) water quality (Hassan et al., 1998). 

 

2.8.1 Approaches for downscaling of GCMs 

The approaches, which have been proposed for downscaling GCMs, can be broadly classified 

into two categories: dynamic downscaling and statistical downscaling and are the most 

commonly used methods in the one-way coupling of GCM and hydrological models 

(Bergstrom et al., 2001; Fowler et al., 2007; Pinto et al., 2010). 

 

2.8.1.1 Dynamic downscaling 

In the dynamic downscaling approach, a Regional Climate Model (RCM) is embedded into 

GCM. The RCM is a numerical model in which GCMs are used to fix boundary conditions. 

Despite of having clear physical meanings, the major disadvantages of RCM are its 

complicated design and high computational cost. Another drawback associated with RCM is 

that expanding the region or moving to a slightly different region requires redoing of the 

entire experiment (Crane and Hewitson, 1998). Because of the fact that RCM is nested in a 

GCM, the overall quality of dynamically downscaled RCM output is tied to the accuracy of 

the large-scale forcing of the GCM and its biases (Seaby et al., 2013). The RCM outputs bear 

some systematic errors, despite the fact that it recovers important regional-scale features that 

are underestimated in coarse resolution GCMs. Hence, RCM outputs require bias correction 

as well as further downscaling to higher resolution. Moreover, the quality of RCM outputs 

depends on the driving GCM information. For example, if the GCM misplaces storm tracks, 

there will be errors in the RCM’s precipitation climatology (Wilby et al., 2009). The grid-box 

size of an RCM is typically greater than 10 km, which is too coarse for hydrological impact 

studies (Benestad, 2009). To obtain higher resolution results, statistical methods are used in 

lieu of RCMs, or the RCM output is further downscaled via statistical means. The most 
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commonly used RCMs in downscaling studies are, U.S. Regional Climate Model Version 

3(RegCM3), Canadian regional Climate Model (CRCM), U.K. Met Office Hadley Centre’s 

Regional Climate Model Version 3(HadRM3), German Regional Climate Model (REMO), 

Dutch Regional Atmospheric Climate Model (RACMO) and German HIRHAM which 

combines the dynamics of the High resolution Limited Area Model (HIRLAM) and European 

Centre-Hamburg (ECHAM) models. 

2.8.1.2 Statistical downscaling 

Statistical downscaling involves deriving empirical relationships that transform large-scale 

features of the GCM (predictors) to regional-scale variables (predictands) such as 

precipitation, temperature and streamflow. Since it is based on statistical relationships 

between predictors and predictands, the statistical downscaling approach requires less 

computational time. Hewitson and Crane (1996) enumerated three main assumptions 

involved in statistical downscaling. These are, (i) the predictors are variables of relevance and 

are realistically modeled by the host GCM; (ii) the empirical relationship is valid also under 

altered climatic conditions and (iii) the predictors employed fully present the climate change 

signal. 

As per Musau et al., (2013), the statistical downscaling methods are categorized into 

following three different categories: 

1) Transfer functions: In this technique, linear and non-linear methods are used to infer 

the relationship between predictors and predictands (Hashmi et al., 2011; Guo et al., 

2011). This predictor-predictand relationship then can be verified by using multiple 

linear regressions (Winkler et al., 1997), principal component analysis (Huth, 2004), 

canonical correlation analysis (WASA, 1998) on artificial neural network and singular 

value decomposition (Jeong et al., 2012). 

2) Weather typing: This method is based on classification of the large scale atmospheric 

structure into ‘weather types’ and then associating local meteorological variables with 

each of these types (Cheng et al., 2011b). However, since this method does not 

assume continuous relationship between large-scale circulation and local climate, 

there is a chance of potential loss of information (Chen et al., 2012). 

3) Weather generators: In this technique, parameter values are perturbed according to the 

changes projected by climate models (Zhang, 2007; Jones et al., 2009). This method 

is useful in evolution of synthetic series of unlimited length (Yang et al., 2005). Two 
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types of weather generators are Markov chain approach and spell-length approach 

(Karl et al., 1990). 

Various researchers conducted various studies using various statistical downscaling 

techniques. Dibike and Coulibaly (2005) applied a stochastic based and a regression based 

statistical downscaling technique along with two hydrological models to simulate the future 

flow regime in a catchment.  Prudhomme and Davies (2009) used a lumped conceptual 

rainfall-runoff model, three GCMs and two downscaling techniques to study the impact of 

climate change on river flows. Chiew et al., (2010) used SIMHYD rainfall-runoff model with 

daily rainfall which was downscaled from three GCMs using five downscaling models to 

simulate runoff. Segui et al., (2010) evaluated the uncertainty related to climate change 

impacts on water resources by applying a distributed hydrological model and three different 

downscaling techniques. Chen et al., (2011) used SSVM (Smooth Support Vector Machine) 

and SDSM (Statistical Downscaling Model) to compare the difference in water balance 

simulations in upper Hanjiang basin in China. The A2 emission scenarios from CGCM3 and 

HadCM3 were used as input to the statistical downscaling models.They found that for the 

same GCM, the simulated runoff varied greatly when rainfall provided by different 

downscaling techniques were used as the inputs to the hydrological models. Tripathi et al., 

(2006) proposed a Support Vector Machine (SVM) approach for statistical downscaling of 

precipitation at monthly time scale. The climatic parameters of Coupled Global Climate 

Model (CGCM2) have been used as predictors. They showed that SVMs provide a promising 

alternative to conventional ANN for statistical downscaling and are suitable for conducting 

climate impact studies. SVM has found wide applications in the field of pattern recognition 

and time series analysis (Vapnik, 1995, 1998). Hu et al., (2013) compared three statistical 

downscaling methods: SDSM, Generalized linear model for daily climate and Non-

homogeneous Hidden Markov Model for downscaling summer precipitation from a network 

of 14 stations over the Yellow River region using National Centre for Environmental 

Prediction (NCEP) reanalysis data and GCMs CGCM3 and ECHAM5.  

2.8.1.3 Downscaling by Artificial Neural Network (ANN) model 

Artificial Neural Network (ANN) based downscaling techniques are widely used because of 

their ability to capture non-linear relationship between predictors and predictand (Solecki and 

Oliveri, 2004; Tatli et al., 2004).  
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Karamouz et al., (2009) conducted a study in the south-eastern part of Iran using field and 

GCM data with the Statistical Downscaling Model (SDSM) and the ANN model to predict 

rainfall. The results showed that SDSM outperformed the ANN model. 

Mendes and Marengo (2010) compared ANN with an autocorrelation statistical downscaling 

model to downscale five coupled GCMs for a region in the Amazon Basin. Their results 

indicated that ANN model outperformed the other statistical models for downscaling of daily 

precipitation. 

Chadwick et al., (2011) used an ANN approach for downscaling GCM temperature and 

precipitation and applied this approach to a nested RCM over Europe. They found that the 

ANN was able to recreate RCM output fields from GCM input data for both temperature and 

rainfall.  

Hoai et al., (2011) used an empirical-statistical downscaling method for prediction of 

precipitation using feed-forward multilayer perception (MLP) neural network for the Bon 

River basin in Central Vietnam. The downscaled precipitation was then used as input to the 

runoff model for flood prediction. Their results revealed that the precipitation predicted by 

MLP outperformed the precipitation directly obtained from model outputs or that downscaled 

using multiple linear regression.  

Samadi et al., (2012) conducted a study in Karkeh catchment, west Iran to determine the 

change in streamflow for the period 2040-2069 using a hybrid conceptual hydrological model 

in conjunction with model outcomes from HadCM3 GCM. They performed two downscaling 

techniques, Statistical Downscaling Model and ANN. The results suggested a significant 

decrease of streamflow in both downscaling projections, particularly in winter.  

Chitra and Thampi (2013) applied an advanced non-linear bias correction method to ANN 

based downscaling models to obtain projections of monthly precipitation at two rain gauge 

stations, one in the Chaliyar river basin located in the humid tropics in Kerala,India and other 

located close to it. The predictors were extracted from National Centre for Environmental 

Prediction and National Centre for Atmospheric Research (NCEP/NCAR) and CGCM3 GCM 

models. The performance of the models was reasonably good except for a few extremes.  

Okkan and Fistikoglu (2013) applied Levenberge- Marquardt algorithm based feed forward 

neural networks (LM-FFNN) to downscale GCM CGCM3 for present day and future climates 

for precipitation and temperature over the Thatali River basin in Turkey. They used 

parametric hydrological model GR2M to observe the impacts of temperature and 
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precipitation on runoff. Their findings indicated that the near future runoff was likely to 

decrease by 32% leading to a reduction in water supply. 

Pour et al., (2014) proposed a genetic programming (GP) based logistic regression method 

for downscaling of rainfall over the east coast of Peninsular Malaysia. The results were 

compared with those obtained using ANN and SDSM. It was found that models derived using 

GP can predict both annual and seasonal rainfall more accurately compared to ANN and 

SDSM.  

Vu et al., (2016) utilized ANN method to downscale climate models for rainy season at 

meteorological site locations in Bangkok, Thailand. The downscaled results showed good 

agreement against station precipitation with a correlation coefficient of 0.8 and Nash-

Sutcliffe efficiency of 0.65. The final downscaled results showed an increasing trend of 

precipitation for rainy season over Bangkok by the end of the 21
st
 century.  

Kueh and Kuok (2016) proposed an ANN approach to forecast future precipitation through 

spatial downscaling for which the bat neural network (BatNN) was developed and 

benchmarked with the traditional Scaled Conjugate Gradient Neural Network (SCGNN). 

Their results revealed that BatNN outperformed its benchmark in terms of prediction 

accuracy.  

2.9 Reservoir Operation Study 

Reservoirs are usually constructed to serve multiple purposes, such as irrigation, hydropower 

generation, municipal and industrial water supply and flood control. Reservoir operation 

policies are developed to enable the operator to take appropriate decision. The reservoir 

operation policy indicates the amount of water to be released based on the state of the 

reservoir, demands and the likely inflow to the reservoir. The release from a single-purpose 

reservoir can be done with the objective of maximizing the benefits. For multi-purpose 

reservoir there is a need to optimally allocate the releases among the different purposes. The 

Standard Operation Policy (SOP) is the simplest of the reservoir operation policies. 

According to SOP, if the water available (storage +inflow) at a particular period is less than 

the demand, then all the available water is released. On the other hand, if the available water 

is more than the demand but less than demand plus storage capacity, then release is equal to 

the demand. If after releasing the demands, there is no space for extra water, then the excess 

water is also released.  
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Reservoir operation plays a vital role in maximizing beneficial use of the reservoir. A number 

of methods are available for reservoir operation. These include, linear programming (LP), 

dynamic programming (DP), non-linear programming (NLP) and simulation. The approach 

and technique employed varies from problem to problem as the configuration, state of 

development of the system and the nature and the stage of decision making differs from 

situation to situation.  

The reservoir operation models developed were under deterministic or stochastic 

environment. The deterministic models use a specific sequence of stream flows, either 

historical or synthetically generated, while the stochastic models use a statistical description 

of the stream flow process instead of a specific stream flow sequence (Karamouz and Houck, 

1982). 

Loucks et al., (1981) developed the Yield model which is a general purpose stochastic LP 

model that incorporates several approximations to reduce the size of the constraints set 

needed to describe the reservoir system operation and to capture the desired reliability target 

releases. He also demonstrated that in several cases the Yield model provides a reasonable 

estimate of the distribution of reservoir capacity requirements obtained with the sequent peak 

algorithm. 

Dahe and Srivastava (2000) made a study on Yield assessment for reservoir based on a 

specified reliability and the extent of availability of supply during failure years which can 

lead to effective management of irrigation reservoir systems. 

Dahe and Srivastava (2002) developed the basic Yield model and presented a multiple Yield 

model for a multiple reservoir system consisting of single purpose and multipurpose 

reservoirs. The objective is to achieve pre specified reliabilities for irrigation and energy 

generation and to incorporate an allowable deficit in the annual irrigation target. 

 

2.9.1 Linear Programming (LP) Models 

Linear programming (LP) has been a valuable tool in the optimization of reservoir operations. 

LP can be used to solve a number of problems in relation to the planning and operations of 

multiple reservoir systems. The application of LP to water resources field is traced back to 

the early 1960s (Simonovic, 1982). The application of LP technique in reservoir system 

planning programme was initiated by Dorfman (1962). LP is considered as a useful tool for 

optimization of reservoir operation (Yeh, 1985). LP can be applied to a reservoir operation 

problem provided the objective function and constraints are linear in nature. 
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Meier and Beightler (1967) introduced a branch-compression technique for decomposing 

parallel reservoir systems, but their approach did not consider temporal allocations over 

seasons.  

Parikh (1966) put forth the idea of spatial decomposition by applying dynamic programming 

to sub systems under an initial set of prices. Then, releases over time from all subsystems 

were allocated over space by using LP from which dual values were used to adjust the initial 

prices assigned to the subsystems. Roefs and Bodin (1970) suggested an extension of this 

methodology for decomposition over time, but substantial computational difficulties were 

encountered when it was applied to a system of three reservoirs.  

Loucks (1968) developed a stochastic LP model for a single reservoir subject to random, 

serially correlated, net inflows. The net inflows for each time period were described by a first 

order Markov chain and transition probabilities of inflows were estimated from historical 

inflows. The stochastic LP model was applied to a simplified representation of the Finger 

Lakes within the Oswego river basin. He pointed out the dimensionality problem associated 

with the type of model in real situations, which may easily involve several thousand 

constraints. 

Needham et al., (2000) used LP to study the reservoir operation of the Iowa/Des Moines 

system where linear functions were used to represent penalties for release, storage and flow 

parameters that diverge from desired conditions. He provided several recommendations for 

future work including reevaluation of penalty functions. 

Deeprasertkul (2015) presented the optimization of reservoirs operation in Chao Phraya basin 

of Thailand using linear Programming to calculate the optimal volumes of water released and 

water storage of Bhumibol and Sirikit reservoirs. It helped to decrease the volume of 

downstream flood peak.  

Heydari et al., (2015) developed a model based on mixed linear programming (MILP) 

technique for systematic operation of multi reservoirs (Laar, Lartian and Karaj dams) of the 

Tehran-Karaj plain. A comparison between the MLP developed model’s results against the 

periodic data showed 21.7% less overflow, 11.6% more outflow and 15.9% more reservoir 

storage respectively. The outcome of the MLP-based modeling indicated superior 

performance to that of the historical period. 
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2.9.2 Nonlinear Programming (NLP) model 

Nonlinear programming (NLP) has not received the popularity that LP and DP have in water 

resource systems analysis (Yeh, 1985). Yeh, 1985 explained that this is particularly due to the 

fact that the optimization process is usually slow and takes up large amounts of computer 

storage and time when compared with other methods. The mathematics involved in the 

nonlinear models is much more complicated than in the linear case, and NLP unlike DP 

cannot easily accommodate the stochastic nature of inflows to the system. NLP does offer, 

however, a more general mathematical formulation and may provide a foundation for 

analysis by other methods. NLP can effectively handle a non separable objective function and 

non-linear constraints which many programming techniques cannot. NLP includes quadratic 

programming, geometric programming, and separable programming as special cases which 

can be used iteratively as a master program or as a sub-program in large-scale system 

problems (Yeh, 1985).  

Simonovic and Marino (1982) applied gradient projection method with a two dimensional 

Fibonacci search to solve a reliability programming problem for single reservoir 

management. They considered both random inflow and demand in their continuity equation, 

and both benefit and risk in their objective function for discrete determination of reliability 

concerning flood and drought. 

Marino and Loaiciga (1985) developed a quadratic model for monthly release policies for 

Northern California Central Valley Project (NCVP). They compared the quadratic model 

with a simplified linear model and found that optimal release schedules are robust to the 

choice of the model, both yielding an increase of nearly 27% in the total annual energy 

production with respect to conventional operation procedures, although quadratic model is 

more flexible and of general applicability. 

Peng and Buras (2000) developed the optimal operation policies for a multi-reservoir 

hydropower system in Maine, USA using the NLP technique and reported that the model 

allows the decision makers to adjust the operations for different alternative operation 

scenarios. 

Devamane et al., (2006) developed a NLP model for a multi-reservoir system in upper 

Krishna basin for maximizing the irrigation, municipal and industrial releases and 

hydropower production. On comparing the results with the LP model, it was reported that the 

NLP model resulted in less irrigation deficit with more hydropower production. 
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A non-linear multi-objective optimization model was developed by Moosavian et al., (2008) 

to optimize the annual scheduling of power generation in serial or parallel hydropower plants 

for dry, medium and wet scenarios. The multiple objectives were converted to a single 

objective using weighted sum method. It was reported that the wet scenario resulted in 

increased amount of energy production due to high inflow.  

Arunkumar and Jothiprakash (2012) optimized Koyna multi-purpose reservoir for 

maximizing the hydropower production subject to the condition of satisfying the irrigation 

demands using a non-linear programming model. The hydropower production from the 

reservoir was analyzed for three different dependable inflow conditions, representing wet, 

normal and dry years. It was observed that more hydropower can be generated for various 

dependable inflow conditions, if the restrictions on releases are slightly relaxed.  

 

2.9.3 Dynamic Programming (DP) Models 

Dynamic Programming (DP), a method first introduced by Bellman (1957), is an 

optimization procedure for solving a multistage decision process. The popularity and success 

of this technique can be attributed to the fact that the non-linear and stochastic features, 

which characterize a large number of water resources systems, can be translated into a DP 

formulation. In addition, it has the advantage of effectively decomposing highly complex 

problems with large number of variables into a series of sub problems, which are solved 

recursively. A major limitation in the use of dynamic programming is the well-known ‘curse 

of dimensionality’ (Bellman and Dreyfus, 1962). The computational requirement for DP 

increases exponentially with increase in state dimension.  

Young (1967) was the first to apply deterministic dynamic programming algorithm in 

reservoir operation. He studied a finite horizon single reservoir operation problem. After 

Young (1967) a number of modified DP algorithms have been developed to alleviate the 

computational burden in DP when applied to multi-reservoir planning and operation 

problems. 

Bellman and Dreyfus (1962) first developed discrete dynamic programming (Discrete DP). 

The Discrete DP requires that the control and state space be discretized by a finite set of 

vectors. 

Young (1967) first applied this Discrete DP approach to find the optimal operating policy of 

a single reservoir. He used release for current period as decision variable and initial storage 
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for current period as state variable. He first proposed a means to obtain general operating 

rules from the results of the deterministic optimization model.  

Hall et al., (1968) used the Discrete DP technique for optimizing operation of a multipurpose 

reservoir. The objective of their analysis was to determine for a given initial state of the 

system, price schedule and sequence of inflows, the set of decisions regarding release of 

water from the reservoir that will maximize the total return from the operation subject to 

physical and other constraints. 

Hall et al., (1969) modified their earlier method (Hall et al., 1968) by incorporating additional 

factors like firm water and on-peak energy constraints, energy pricing, and flood control 

desiderata etc. 

Roef and Bodlin (1970) made a critical analysis of reservoir operating rules using 

deterministic, implicit stochastic and explicit stochastic algorithm and extended the Discrete 

DP to a multi-reservoir case. 

Karamouz and Houck (1982) developed general reservoir system operating rules by 

deterministic optimization. They constructed a dynamic programming regression based 

model. They used a hypothetical loss function, which involved only reservoir release. 

Majumdar and Ramesh (1997) developed a real time reservoir operation model for irrigation 

of multiple crops using deterministic dynamic programming. The reservoir storage, soil 

moistures of individual crops, and a crop production measures constituted the stage space. 

The model was applied to the Malprabha reservoir in Karnataka (India). 

Liu et al., (2012) applied stochastic dynamic programming to China’s Three Gorges 

Reservoir.  Based on the derived operating rules, the reservoir was simulated with the inflow 

from 1882 to 2005. It was shown that the SDP works well in the reservoir operation. 

Zhao et al., (2012) derived a monotonic relationship between reservoir storage and optimal 

release decision under both deterministic and stochastic conditions, and proposed an 

algorithm to improve the computational efficiency of both deterministic dynamic 

programming (DP) and stochastic dynamic programming (SDP) for reservoir operation with 

concave objective functions. The results showed that the improved DP and SDP exhibit 

higher computational efficiency than conventional DP and SDP.  

 

 

 

 

 

TH-1585_10610426



48 
 

2.9.4 Simulation Models 

Simulation is a modeling technique that approximates the behavior of system on the 

computer, representing all the characteristics of the system by mathematical relationship. It is 

an effective tool for studying the management of a complex water resources system, for it can 

incorporate the experience and judgment of the planner or designer into the model.  

Jacoby and Loucks (1972) proposed the combined use of optimization and simulation model.  

Chaturvedi and Srivastava (1981) analyzed six major reservoirs of Narmada basin in India 

using deterministic LP with simulation model. 

Palmer et al., (1982) developed simulation and LP models to determine the yield of a 

reservoir system when operated jointly with the Potomac River. 

Srivastava and Patel (1992) used optimization (LP and DP) simulation models for the system 

analysis of the Karjan irrigation reservoir project in India. 

Sharif et al., (2013), applied a simulation model for operation of Karangkates reservoir in the 

Brantas Basin located in East Java, Indonesia. Simulation models runs have been carried out 

to estimate peak and off peak power that could be generated from the Karangkates reservoir 

at different exceedence probabilities. A distinct practical advantage of the simulation model 

presented is that it can be used to simulate the operation of reservoirs under various user 

defined operating policies. 

 

2.9.5 Models used as combination of two or more methods 

In an attempt to utilize the advantages of different methods and to overcome the limitations 

of a particular method, researchers have also developed some hybrid optimization techniques, 

which are combinations of two or more algorithms. 

Becker et al., (1976) used a monthly model and developed daily and hourly model for the 

CVP system. The monthly model output was used as an input to the daily model and output 

of the daily model was used as an input to the hourly model. 

Chaturvedi and Srivastava (1981) analyzed six major reservoirs of Narmada basin in India 

using deterministic LP with simulation model. 

Marino and Mohammadi (1983) developed a methodology for the monthly operation of a 

system of two parallel multipurpose reservoirs. The model employed LP nested in DP. At 

every stage of DP (i.e. months) a series of LP’s are solved. The objective of LP was to 

minimize the total releases from the reservoir in each month. The objective of DP was to 

maximize the weighted sum of monthly water and power production. 
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2.9.6 Artificial Neural Network (ANN) model 

ANN models have also been successfully applied in reservoir operation problems. 

Raman and Chandramouli (1996) derived a general operating policy for a reservoir using 

ANN from the deterministic DP results. They used ANN for inferring optimal release rule 

conditioned on initial storage, inflows and demands. Operating rule derived by ANN model 

was compared with a stochastic dynamic programming model, standard operating policy and 

the operating policy produced by multiple linear regressions from the deterministic DP 

results. The performance of the ANN model was reported as better than those of the other 

models.  

Cancelliere et. al. (2002) used a neural network approach for deriving irrigation reservoir 

operating rules. In their approach operating rules were determined as a two step process: first, 

a dynamic programming technique which determines the optimal releases with minimizing 

sum of squared deficit as objective function, subject to various constraints was applied. Then 

the resulting releases from the reservoir were expressed as a function of significant variables 

by neural networks. They reported improved performance of ANN approach. 

Thair et al., (2015), applied ANN model for Mosul-Dam reservoir located on Tigris River. 

They concluded that ANN is an important Model for finding the missing data. Also, the ANN 

technique can accurately predict the monthly Outflow. 

Ehsani et al., (2016) developed a new ANN based general reservoir operation system 

(GROS). Embedding GROS in a water balance model, they analyzed the hydrological impact 

of dam size as well as their distribution pattern within a drainage basin and concluded that for 

large-scale studies it is generally acceptable to aggregate the capacity of smaller dams, 

instead of model a hypothetical single larger dam with the same total storage capacity. 

 

2.9.7 Fuzzy rule based modeling 

The concept of fuzzy logic was first introduced by Zadeh (Zadeh, 1965). The fuzzy logic 

based modeling of a reservoir operation is a simple approach, which operates on an ‘if-then’ 

principle, where ‘if’ is a vector of fuzzy explanatory variables or premises such as the present 

reservoir pool elevation, the inflow, the demand, and time of the year. The ‘then’ is a fuzzy 

consequence such as release from the reservoir (Panigrahi and Majumdar, 2000). The fuzzy 

logic approach is more flexible and allows incorporation of expert opinions, which could 

make it more acceptable to operators (Russell and Campbell, 1996). Shrestha et al., (1996) 
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also confirmed that fuzzy logic is an appropriate tool to consider the impreciseness of 

variables like inflows, in reservoir operation modeling.  

Panigrahi and Majumdar (2000) developed a fuzzy rule based model for operation of the 

single purpose Malaprabha irrigation reservoir in Karnataka, India. Reservoir storage, inflow, 

and demands were used as premises and the release as the consequence. They concluded that 

while a fuzzy rule based model is easy to develop and adopt for operation, it suffers from the 

curse of dimensionality, and therefore the applications of fuzzy logic to reservoir operation 

problems may remain limited to single reservoir systems. 

Mousavi et al., (2005) presented a dynamic programming fuzzy rule-based (DPFRB) model 

for optimal operation of reservoir system. In the first step, a deterministic dynamic 

programming (DP) model was used to develop the optimal set of inflows, storage volumes, 

and reservoir releases. These optimal values were then used as inputs to a fuzzy rule-based 

(FRB) model to establish the general operating policies in the second step. The performance 

of DPFRB was compared to a model, which uses the multiple regression-based operating 

rules. The results indicated that DPFRB performs well in terms of satisfying the system target 

performance.  

Kamodkar and Regulwar (2013) developed a Fully Fuzzy Linear Programming (FFLP) for 

the Jayakwadi reservoir stage-II, Maharashtra, India. The objective was to maximize the 

annual releases for irrigation and hydropower generation. The study demonstrated that use of 

FFLP in multipurpose reservoir system optimization presents a potential alternative to attain 

an optimal operating policy. 

A Decision Support Model had been evolved by Umadevi et al., (2014) using fuzzy logic 

with different combinations of inputs for developing rules for the operation of a reservoir in 

South India under the prevalent varying conditions. The results of the analysis showed that 

fuzzy-logic can be effectively applied for evolving reservoir operation rules.  

 

2.9.8 Genetic Algorithm (GA) model 

Genetic algorithm (GA) derives its concept from Darwin’s theory of survival of the fittest and 

was first envisaged in 1975 by John Holland (Holland, 1992). Genetic Algorithms use a 

population of solutions in each iterationinstead of a single solution and hence they are called 

population-based approaches (Goldberg, 1989). This is the major difference between classical 

optimization methods and GAs. GAs use objective function information directly and do not 

require its derivatives or any other auxiliary information. 
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Oliveira and Loucks (1997) used a GA to evaluate operating rules for multi-reservoir systems 

demonstrating that GA can be used to identify effective operating policies. They used the 

real-valued chromosomes containing the coordinates of the points that define the piecewise 

linear operating rule functions. Their research suggests that GA may be a practical and robust 

way of evolving operating policies for complex reservoir systems. 

Reddy and Kumar (2006) developed a Multi-objective Evolutionary Algorithm (MOEA) to 

derive a set of optimal operation policies for a multipurpose reservoir system, the Bhadra 

Reservoir system, in India. This study employs a population based search evolutionary 

algorithm namely Multi-objective Genetic Algorithm (MOGA). The results obtained using 

this algorithm were able to offer many alternative policies for the reservoir operator, giving 

flexibility to choose the best out of them.  

Ahmed and Sarma (2005) developed a GA model for deriving the optimal operating policy 

and compared its performance with that of stochastic dynamic programming (SDP) for a 

multipurpose reservoir. The objective function of both GA and SDP was to minimize the 

squared deviation of irrigation release. They found that GA model releases nearer to the 

required demand and concluded that GA is advantageous over SDP in deriving optimal 

operating polices.  

Jotiprakash and Shanthi (2006) developed a GA model for deriving the optimal operating 

policy for a multi-purpose reservoir. The objective function was to minimize the squared 

deviation of monthly irrigation demand deficit along with the deviation in the target storage. 

They found that the GA model is advantageous in deriving optimal operating polices. 

Mathur and Nikam (2009) used GA to optimize the operation of an existing multipurpose 

reservoir in India namely, the Upper Wardha reservoir in Maharashtra and to derive reservoir 

operating rules for optimal reservoir operations. Results showed that, even during low flow 

condition the GA model can satisfy downstream irrigation demand. 

Parmar et al., (2015) applied GA to Sukhi Reservoir project in Gujarat, India to develop a 

policy for optimizing the release of water for the purpose of irrigation. The fitness function 

used is to minimize the squared difference between the monthly reservoir release and 

irrigation demand along with squared deviation in mass balance equation. The results derived 

by using GA showed that the downstream irrigation demands can be fully satisfied and also 

considerable amount of water saved. 
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2.10 Conclusions 

The detailed review of the literature indicates that due to climate change, the temperature is 

increasing gradually and there is a possibility of temperature increase of 1.1⁰C to 6.4⁰C by 

2100. This global warming is accelerating the melting of glaciers in the Himalayas, which are 

melting faster than the global average. However, the studies of climate variability on both 

short and long time scales to establish climate changes over India have been found to be 

limited. Brahmaputra, one of the major river systems of the Indian sub-continent which 

originates in the Himalayas, is expected to be more vulnerable to climate change because of 

the substantial contribution from snow and glaciers into its runoff at downstream. But, only a 

little emphasis has been placed on studying the hydrological response of this Himalayan 

River. The impact of climate change on hydrology of a river can be studied by using General 

Circulation Models. Many researchers have found the suitability and efficiency of the 

statistical downscaling technique more acceptable than the dynamic downscaling technique 

which is computationally very expensive. Comparatively, the ANN model to downscale 

GCMs has got wide recognition due to its ability to establish non-linear relationship between 

predictors and predictands.  

Various hydrological models have been developed around the world to study the impact of 

rainfall and change in land use/land cover on the discharge of a river. Different types of 

models have both advantages and disadvantages. However, it is seen that even though the 

ANN model cannot represent the physical process of the catchment, yet it can identify the 

non-linear relationship between runoff and rainfall efficiently. 
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CHAPTER3 

SNOW COVER AREA VARIATION STUDY OF 

BRAHMAPUTRA RIVER BASIN AND ITS IMPACT ON 

DISCHARGE IN THE RIVER BRAHMAPUTRA 

 

3.1 Introduction 

River Brahmaputra, one of the major river systems of the Indian subcontinent, which 

originates in the Himalayas, is expected to be much vulnerable to climate change because of 

the substantial contribution from snow and glaciers (Singh et al., 1997a; Singh and Jain, 

2002). Snow and Glaciers play essential roles on hydrological, geomorphic and ecological 

processes of high elevation catchments and are particularly sensitive to climate change 

(Beniston, 2003; Viviroli et al., 2011). Assessing the influence of ice and snow melt water on 

groundwater recharge, runoff and sediment transport dynamics is essential in order to provide 

conceptual models useful for correct management of water resources in mountain regions 

(Huss, 2011; Lebedeva and Semenova, 2011) and also for long-term projections of the 

potential hydrologic effects of climate change (Jost et al., 2012). 

Snow cover area (SCA) has long been recognized as an important hydrologic variable for 

streamflow prediction (Martinec, 1985; Hall and Martinec, 1985). The presence of snow in a 

basin strongly affects moisture that is stored at the surface, and is available for future runoff. 

During winter, a large extent of the mountainous area of Himalayan river basins is covered by 

snow, which starts ablating in the spring due to rise in temperature. IPCC (2001a) has 

indicated that the average global surface air temperature has increased by 0.6 ±0.2°C since 

the late 19th century and it is projected to increase by 1.4–5.8° C over the period 1990–2100. 

Lal and Singh (2001) and Lal (2001) have reported that the average annual mean surface 

temperature over Indian sub-continent is likely to increase by about 2.7°C and 3.8 °C during 

the decades of the 2050s and 2080s, respectively. Dyurgerov and Mier (2005) and Prasad et 

al., (2009) mentioned that in recent years, the glaciers and snowfields of the Himalaya-

Karakoram-Hindu Kush (HKH) mountain belts and Tibetan plateau are found to be amongst 

the fastest receding glacial and snow covers in the world. Again, Kulkarni et al., (2007) and 

Raina (2009) inferred that simultaneous fragmentation of the glaciers along with glacial 

retreats has also degraded the total areal coverage of perennial snow and ice in the HKH 
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region. Covering over 33,000 km
2
, glaciers constitute an important component of the 

Himalaya (Kaul, 1999). Monitoring their evolution is a key issue as the melting of all glaciers 

in central Asia may significantly contribute to ongoing sea level rise (Kaser et al., 2006). 

Changes in glacier length, areal extent or mass balance can also be used as climate indicators 

in a region where climatic series (temperature, precipitation) are rare and the climate change 

signal is not clear (Roy & Balling, 2005; Yadav et al., 2004). In addition, runoff generated by 

the melting of these glaciers is an important source of water for the people living in the 

Himalayan valleys. Measuring ongoing glacier wastage is a first step toward the prediction of 

future water resources in an area and has, thus, important social and economical impacts 

(Barnett et al., 2005). 

There has been no long-term comprehensive in-situ monitoring of snow/glacial melt 

contributing to the knowledge of hydrology in the river basins of the Himalayan region. As a 

result, studies on snow melt/glacial melt that describe a basin's hydrology lack direct 

evidence and sometimes appear to be inconsistent (Armstrong, 2010; Kaser et al., 2010).  

Most of the upper parts of the Brahmaputra catchment is covered by Himalayan snow and 

have a major effect on the downstream flow characteristics of the river. Along with 

temperature, other climatic factors such as heavy precipitation, wind speed etc. also have 

impacts on melting of snow. The effect of wind is important for the melting process of snow 

or chipped ice (Hasebe and Kumekawa , 1994). According to the result of a laboratory 

experiment, performed by Hasebe and Kumekawa (1994), the relation between the ratio of 

volume of snowmelt water to air temperature and wind speed is nearly linear. They also 

found that peak discharge is sharp as the wind speed increases and Lag time from the 

beginning of snowmelt runoff to peak discharge is faster according to an increase in wind 

speed. Rainfall on existing snow cover frequently occurs in spring. At the onset of a rain 

storm, the snow cover often stores a portion of the rain and consequently attenuates runoff 

formation. However, if the rain persists and the snow cover becomes saturated, any additional 

melt water will increase runoff formation. 

Many studies stated that the melting of glaciers is a clear indicator of climate change (Xu et 

al., 2009) and noted that glacier change is the most visible and obvious indicator of changing 

temperatures (Amstrong, 2010; Winkler et al., 2010). The rising temperature in the 

Himalayas would affect glacier melt (Bamett et al., 2005). In the present study, the 

temperature factor has been taken into consideration to study its impact on the change in 

snow cover area of the Brahmaputra river basin.  
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A widely cited estimate shows considerable variation in the contribution of melt-water across 

the river basins fed by the Himalayan glaciers (Eriksson et al., 2009; Xu et al., 2008) 

although this varies seasonally and spatially. The primary effect of climate warming on 

runoff is the increased streamflow caused due to larger glacier melt rates (Hock, 2005).The 

importance of melt-water contribution also varies from basin to basin. It is extremely 

important for Indus basin and it is important for Brahmaputra basin. But it plays modest roles 

for Ganges, Yangtze and Yellow Rivers (Immerzeel et al., 2010). By region, melt-water 

contributes 30 percent to the total water flow in the eastern Himalayas, 50 percent in the 

central and western Himalayas and 80 percent in Karakoram (Xu et al., 2009). Glacier retreat 

and the release of freshwater are expected to be a key element in projections of discharge 

from glacierised catchments over the next decades (Huss et al., 2010; Finger et al., 2012). 

Using climate model data as forcing, different studies indicate an increase in discharge in 

spring due to earlier onset of snowmelt, but a decline later in the year due to reduced glacier 

extent (Stahl et al., 2008; Huss et al., 2008). Glacial melt water can also have relevant 

impacts on the hydrological regime of larger watersheds further downstream. Keeping all 

these factors in mind, the effect of variation in snow cover area on the discharge of the river 

Brahmaputra has also been analyzed in this study. 

Mountain glaciers are used to detect and monitor local climate change in regions not typically 

monitored by instrumentation, as they are considered to be sensitive indicators of climate 

(Haeberli et al., 2007). Due to the large extent and difficult accessibility of high mountainous 

terrain, remote-sensing techniques provide an efficient way to collect data in such regions. 

The satellites imageries are well suited for measuring the snow cover because the high albedo 

of snow gives better contrast with most of the other natural surfaces except clouds (Hall et al., 

2002). The remote sensing-based measurements provide an opportunity to achieve large and 

possibly complete spatial coverage, even in very remote areas. Identification of snow cover 

using only the visible reflected light may be difficult because many things appear as white, 

such as clouds or even rocks. However, comparing the reflectance of other wavelength, such 

as infrared, it is possible to differentiate snow from clouds. Reflectance of snow is higher in 

the visible (0.5–0.7 µm) wavelengths and has a low reflectance in the shortwave infrared (1–

4 µm) wavelengths (Nolin and Liang, 2000) which enables to distinguish snow from clouds 

and other non- snow-covered conditions. The ratio between short-wave infrared channel and 

visible channel was used by Kyle et al., (1978) and Bunting and d'Entremont (1982) for snow 

cover mapping. This band ratio method was later utilized by Dozier (1989) to map snow 

cover area in the Sierra Nevada Mountains. This method is known as Normalized Difference 
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Snow Index (NDSI) method and is one of the very potential methods to map snow cover of 

an area. This NDSI method is used in the present study to prepare snow maps of the 

Brahmaputra River basin. 

3.2 Materials and Method 

3.2.1 Data used 

The variation of snow cover area in the Brahmaputra river basin has been studied starting 

from 2002 to 2015 for four different months viz. January, April, July and October using the 

MODIS (Moderate Resolution Imaging Spectroradiometer) image, MOD09A1.5 

(MODIS/Terra Surface Reflectance 8-Day L3 Global 500m SIN Grid)of 500m resolution 

consisting of seven bands (band-1 to band-7). The freely available MODIS products, with 

500 m spatial resolution can provide a basis for regional snow cover mapping, monitoring 

and hydrological modelling (Liang et al., 2008). MODIS imageries have successfully been 

applied in monitoring snow cover from space using the Normalized Difference Snow Index 

(NDSI). Relative to similar sensors such as the Advanced Very High Resolution Radiometer 

(AVHRR), the MODIS sensor offers some significant advantages. The two main difficulties 

in estimating SCA from AVHRR images are obscuring of the ground by cloud cover, and 

obscuring of snow cover by vegetation canopies (especially forests). The MODIS provides 

observations at a nominal spatial resolution of 500m versus the 1.1km spatial resolution of 

the AVHRR. MODIS’s data are available continuously (spatially and temporally) and also 

has several spectral bands which facility is useful for distinguishing the extent of snow cover 

(Salomonson and Appel, 2004). Most of the MODIS accuracy assessments reported overall 

accuracy between 85 and 99% during clear sky conditions (Parajka and Bloschl, 2012).  

The climate change scenario data used in this study are based on simulations carried out 

using General Circulation Models (GCMs) for the Fourth Assessment Report (AR4) of the 

Intergovernmental Panel on Climate Change (IPCC, 2007). The gridded temperature data of 

HadCM3 (Hadley center Coupled Model version 3) model of A2 scenario were used to get 

the average temperature of the upper portion of the Brahmaputra River basin. HadCM3  is a 

coupled atmosphere-ocean general circulation model (AOGCM) developed at the Hadley 

Centre in the United Kingdom (Gordon et al., 2000; Collins et al., 2001). In this model, 

spatial resolution is 2.5˚ X 3.75˚ (latitude by longitude) forming the global grid of 96×73 grid 

cells with 19 levels. In the oceans, this model has a resolution of 1.25˚ X 1.25˚ (latitude by 
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longitude) with 20 vertical levels. This model has been used by several researchers to study 

the impact of climate change. The model has also been used in IPCC third assessment report.  

A2 scenario which is based on IPCC SRES-A2 (Special Report of Emission Scenario A2) 

considers the effect of greenhouse gases and Sulphate aerosol. HadCM3 model was selected 

since it has the highest ‘skill scores’ for both precipitation and temperature of all the models 

used for the AR4 (Cai et al., 2009). This model does not require flux adjustment and has 

higher resolution compared to other models. The raw data were downloaded from the website 

of IPCC Data Distribution Centre (http://www.ipcc-data.org/ar4/gcm_data.html).  

The area of Brahmaputra river basin is very large and getting the actual temperature data at 

the upper part of the catchment is quite troublesome. Hence, the average temperature values 

of the GCM points that fall in and around the upper catchment have been used to study the 

temperature variations at different time periods. It has been reported that the GCMs simulate 

temperature better than rainfall and therefore there is more confidence in predictions of 

temperature than rainfall (Masanganise et al., 2013). McMahon et al., (2014) in their study 

have found that the monthly pattern of temperature is generally well reproduced by the 

GCMs compared to the monthly pattern of precipitation. They calculated the Nash–Sutcliffe 

efficiency (NSE) (Nash and Sutcliffe, 1970) to compare the GCM climate data and the 

observed data. They found that the median NSEs of all monthly temperature patterns are 

greater than 0.75, with 41% greater than 0.90. They also concluded that along with few other 

GCMs, HadCM3 is also a better performing GCM. Miao et al., (2012) assessed the 

performance of the AR4 GCMs in simulating precipitation and temperature in China from 

1960 to 1999 by comparing with the observed data. They used system bias (B), root-mean-

square error (RMSE), Pearson correlation coefficient (R) and Nash-Sutcliffe model efficiency 

(E) metrics to compare the GCM output. They observed that GCMs gave reasonably accurate 

predictions of the temperature, but were less successful at reproducing theprecipitation. 

Again, Mavromatis and Jones (1999) evaluated precipitation and near surface air temperature 

in two successive versions of the Hadley Centre General Circulation Model (GCM). Their 

conclusion was positive towards the direct use of raw temperature data of HadCM2. 

Considering the accuracy of GCMs’ temperature data, here in this study, the HadCM3 

temperature data was used to study its impact on melting of snow in the Brahmaputra River 

basin. The HadCM3 GCM points falling on the upper Brahmaputra basin have been 

considered in this study. There were fifteen points that fall in and around the upper catchment 

of the Brahmaputra basin. Fig.3.1 shows the HadCM3 GCM points considered for 
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temperature evaluation. The geographic coordinates of these 15 HadCM3 GCM points are 

given in Table 3.1. 

 Table 3.1: Geographic coordinates of HadCM3 GCM points that fall in and around the upper 

        portion of the Brahmaputra catchment 

 

HadCM3 GCM points Geographic Coordinates 

1 82.50° E, 32.00°N 

2 86.25°E, 32.00°N 

3 90.00°E, 32.00°N 

4 93.75°E, 32.00°N 

5 97.50°E, 32.00°N 

6 82.50°E, 30.00°N 

7 86.25°E, 30.00°N 

8 90.00°E, 30.00°N 

9 93.75°E, 30.00°N 

10 97.50°E, 30.00°N 

11 82.50°E, 27.00°N 

12 86.25°E, 27.00°N 

\13 90.00°E, 27.00°N 

14 93.75°E, 27.00°N 

15 97.50°E, 27.00°N 

 

 

Fig.3.1: Map showing the HadCM3 points in and around the upper Brahmaputra basin taken 

 to evaluate the average temperature 
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The daily discharge data from 2002 to 2015 at Pandu gauge site on the river Brahmaputra has 

been collected from the Water Resources Department, Govt. of Assam to study the variation 

of discharge of the river Brahmaputra with respect to the change in snow cover area. 

3.2.2 Normalized Difference Snow Index (NDSI) 

The NDSI method is generally used for snow cover mapping using satellite data (Hall et al., 

1995, 2002, Kulkarni et al., 2002b, 2006; Negi et al., 2008). NDSI uses the high and low 

reflectance of snow in visible (Green) and shortwave infrared (SWIR) regions respectively. 

Additionally, the reflectance of clouds remains high in SWIR band, thus NDSI allows in 

discriminating snow and clouds. NDSI ranges from -1 to +1 and is defined by the following 

relation: 

     
          

          
 

Where, Green and SWIR are the reflectance of the green and shortwave infrared bands 

respectively. Snow has a high reflectance in band-4 (0.545-0.565µm, visible green) and a low 

reflectance in band-6 (1.628-1.652µm, shortwave near infrared) of the MODIS instrument. A 

threshold value of NDSI of 0.4 is defined for the pixels that are approximately 50% or greater 

covered by snow from imageries of different sensors (Xiao et al., 2001). However, 

identification of snow covered areas using NDSI is difficult if snow cover areas are mixed 

with vegetation (Hall et al., 1998). Distinguishing snow from other non-snow features such as 

water, or dense forests may be difficult because they have similar NDSI readings to snow. To 

overcome this difficulty i.e., to distinguish these features from snow cover, it becomes 

necessary to examine other wavelengths. For this, reflectance in band-2 and band-4 are 

examined primarily to separate water bodies and forest respectively from snow. It is also 

important to examine the Normalized Difference Vegetation Index (NDVI) to see if a pixel is 

snow covered forest. 

3.2.3 Preparation of snow map  

The snow maps of the study area have been prepared in the Erdas Imagine remote sensing 

software. The various operations performed were: importing the original .hdf format of the 

raw satellite data to .img format, mosaicing of all the tiles that cover the whole Brahmaputra 

River basin, re-projection of image to geographic latitude longitude and WGS84, sub-setting 

of the mosaiced image as per the area of interest to get the shape of the Brahmaputra River 

basin and finally stacking operation was performed to get the image consisting of seven 

bands. 
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The high reflective nature of both snow and cloud tops in the visible part of the 

electromagnetic spectrum, makes cloud indistinguishable from snow. On the other hand, 

snow is highly absorptive in the short wave infra red part of the electromagnetic spectrum 

while cloud is highly reflective. NDSI is thus one method that can efficiently differentiate 

between snow and cloud cover of a satellite image. Pixels that are approximately 50% or 

greater covered by snow have NDSI values of 0.4 (Hall et al., 2002). Hence, a threshold 

value of 0.4 has been taken for snow (i.e. if NDSI > 0.4, then the pixel is snow, else not 

snow). In the model maker tool of Erdas imagine, two functions were generated to make the 

numerator and denominator of the NDSI equation. The data also needs to have 100 added to 

eliminate negative values and also scaled by a factor of 10
4
. For MODIS data, band-4 

represents the green band while band-6 represents the short wave infrared band. If summation 

of band-4 and band-6 is equal to zero (the denominator), the NDSI cannot be obtained as 

NDSI value will be infinity. Also, a data value of -28672 was ignored since -28672 is the 

value of pixels of no data. Again, another function in the model maker was created which 

considers the pixels having NDSI values of greater than or equal to 0.4 as snow. Total 56 

NDSI images were prepared from 2002 to 2015 for the months of January, April, July and 

October. Fig.3.2 gives an overall view of the steps to prepare NDSI maps in the model maker 

tool of the Erdas Imagine software. 

 
Fig.3.2: Flowchart for preparation of NDSI map in Erdas Imagine 
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Since water may also have an NDSI of 0.4, an additional test is necessary to separate snow 

and water. Snow and water may be discriminated because the reflectance of water is less than 

11% in band 2. Hence, if the pixels with reflectance in band 2 (0.841- 0.876 μm) was found 

to be less than 11% even if the NDSI was greater than or equal to 0.4, they were mapped as 

water. Similarly, for a pixel where the NDSI was greater than or equal to 0.4, but the 

reflectance in band 4 (0.545-0.565 μm) was less than 10%, it was marked as dark forest 

(Dozier,1989). The reflectance from the forest areas that consist of dense conifers to less 

dense deciduous forests is considerably darker than from non-forested areas even with 

substantial depths of snow. The challenge is to determine the snow cover areas when they 

may not be directly detectable. To identify the snow covered forests, the NDVI (Normalized 

Difference Vegetation Index) was examined. If NDSI value of a pixel is less than 0.4 (not 

snow) but the NDVI is approximately 0.1, the pixel could be snow‐covered forest (Hall et al., 

2002, Klein et al., 1998). These measures prevent low reflective features like water bodies 

and dense forest canopies from being misclassified as snow. Fig.3.3 shows in detail, the steps 

to prepare NDVI in Erdas Imagine software. MODIS bands-2 (0.841-0.876µm, NIR) and 

band-1 (0.620-0.670µm, Red) are used to create NDVI which can be expressed as, 

     
                       

                       
 

In the NDVI model, the following function was added to create snow forest mask: 

                      

The created water, forest and NDVI masks were finally applied to the NDSI product to get 

the final snow map from which the snow cover area can be determined. The values within the 

NDSI, water, forest and NDVI masks are 1 if true (snow pixel) or 0 if false (non-snow pixel). 
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Fig.3.3: Flowchart for NDVI mask prepared in Erdas Imagine 

 

3.2.4 Comparison of the snow maps with Landsat data 

Cloud free Landsat satellite data (Landsat 4-5 TM) of 30m resolution acquired on April 15, 

2010 has been used to validate the snow map prepared from the MODIS image. MODIS 

image of the same date has been selected for validation. Two small areas of the MODIS snow 

map have been compared with the high resolution Landsat data. While interpreting visually, 

it has been observed that the portions covered by snow for both the MODIS and Landsat 

images (shown in red rectangle in Fig. 3.4(a) and 3.4(b) were same. Apart from visual 

interpretation, when the area covered by snow for both the MODIS and Landsat images of the 

selected portions were calculated, the results were almost equivalent. The NDSI map of the 

Landsat images were prepared by considering Band-2 (Green, 0.52-0.60μm) and Band-5 

(Short-wave Infrared, 1.55-1.75μm). Fig. 3.4(a) and 3.4(b) show the snow cover map of 

MODIS image and corresponding Landsat image. For the first portion [Fig.3.4(a)], the area 

covered by snow in the MODIS image (LHS) was found to be 6012.25 sq.km., while for the 

Landsat image (RHS) on the same date, it was 6245.65 sq.km. Again, for the other segment 

[Fig.3.4(b)], the snow cover area in the MODIS image (LHS) was found to be 8393.25 

sq.km., while for the Landsat snow map(RHS), it was 8562.25 sq.km. From this validation, it 
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has been proved that MODIS image can be used to prepare snow maps of large basins. 

Hence, the MODIS images were used for studying the snow cover area variation in the 

present study. 

 

Fig.3.4(a):Comparison of Snow Cover Area of MODIS(LHS) and Landsat (RHS) data      

for the first  portion  

 

Fig.3.4(b):Comparison of Snow Cover Area of MODIS(LHS) and Landsat (RHS) data for the 

second portion 
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3.3 Results and Discussions 

3.3.1 Variation of snow cover area with respect to temperature 

The snow cover maps for January, April, July and October from 2002 to 2015 have been 

prepared in the Erdas Imagine software using the methodology discussed above. Fig.3.5 

shows an example of the final snow cover map created using the presented methodology. In 

the image, the white pixels show the snow cover area while black pixels show the non-snow 

area. All the snow cover area maps from 2002 to 2015 for January, April, July and October 

are shown in Fig.3.6, 3.7, 3.8 and 3.9 respectively.The total snow cover area for each selected 

month from 2002 to 2015 along with the temperature of HadCM3 for A2 scenario are given 

in Table 3.2. It is observed from the table that maximum snow cover area is found either in 

the month of January or in the month of April.  

 

Fig.3.5: Map showing snow cover area of the Brahmaputra River Basin 
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Table 3.2: Snow Cover Area and temperature for different months 
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2002 30474 -14.92 114588 -2.70 14536 7.91 84551 -0.67 

2003 98414 -12.26 99972 -1.62 25851 8.79 21069 -1.05 

2004 64472 -14.22 56236 -1.09 23695 7.20 63894 0.93 

2005 74004 -11.66 83658 -0.92 11262 7.63 28355 -0.28 

2006 37285 -13.87 80162 -3.81 12678 8.85 16157 -2.28 

2007 49892 -14.43 87833 0.81 7881 8.16 12347 1.12 

2008 29822 -10.20 92263 0.16 15540 7.84 32572 -2.00 

2009 112736 -15.55 89539 -1.74 14328 7.75 25427 1.38 

2010 66618 -11.43 68848 -0.03 12401 7.96 30162 -3.25 

2011 62421 -12.88 74142 -1.69 13038 7.91 13129 1.43 

2012 138555 -11.65 89930 -0.82 12236 8.24 20526 0.25 

2013 126798 -15.70 52121 0.43 9088 7.33 16915 -1.06 

2014 112355 -14.71 50245 -2.88 4503 8.22 9180 0.57 

2015 102833 -13.56 51137 -2.13 6584 8.97 9982 0.04 
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2008 2009 2010 
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Fig.3.6: Snow Cover Maps of the Brahmaputra basin for January from 2002 to 2015 

 

 

 

 

 

 
Fig.3.7: Snow Cover Maps of the Brahmaputra basin for April from 2002 to 2015 
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Fig.3.8: Snow Cover Maps of the Brahmaputra basin for July from 2002 to 2015 
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Fig.3.9: Snow Cover Maps of the Brahmaputra basin for October from 2002 to 2015 

 

From Table 3.2, it is observed that the maximum snow cover area has been observed in 2012 

for the month of January with a value of 138555sq.km. and the minimum has been observed 

in 2014 for the month of July with a value of 4503sq.km. The maximum temperature for the 

entire period from 2002 to 2015 has been observed in 2015 for the month of July (8.97˚C) 

and the minimum has been observed in 2013for the month of January (-15.70˚C). The 

increasing and decreasing trend of snow cover area with respect to the change in temperature 

for all the four months from 2002 to 2015 are shown in Fig.3.10 [(a), (b), (c) and (d)]. The 

results clearly displayedthat except for the month of January,the values of temperature taken 

from the GCM (HadCM3 A2 scenario) for the aforesaid months are increasing gradually 

from 2002 to 2015 which can be attributed to the fact of global warming. While establishing 

a relationship between the snow cover area and temperature data, it has been observed that 

for the month of January, the snow cover area shows an increasing trend with respect to the 

decreasing trend of temperature. The minimum snow cover during this period was in the year 

2008 with a value of 29822 sq. km. and the maximum was in the year 2012 with a value of 

138555sq.km. While the minimum temperature was in the year 2013 (-15.70˚C) and the 

maximum was in the year 2008 (-10.20˚C). For the entire study period from 2002 to 2015, 

the effect of temperature on snow melt was found to be the maximum in 2008. For the other 

three months i.e. April, July and October, the results are plotted in Fig. 3.10(b), (c) and (d). 
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The graphs show that snow cover area for these three months decreases with increase in 

temperature. Maximum changes have been observed in the month of October. For the month 

of April, the minimum snow cover was observed in the year 2014 (50246 sq. km.) and the 

maximum was observed in the year 2002 (114588sq. km.). For July, the minimum was 

observed in the year 2014 (4503sq. km.) and the maximum was observed in the year 2003 

(25851sq. km.). Again, for the month of October, the minimum snow cover area was found to 

be 9180 sq. km. in the year 2014 while the maximum was found to be 84551sq. km. in the 

year 2002. In case of temperature, the minimum in the month of April was observed in the 

year 2006(-3.81 ˚C) and the maximum was observed in the year 2007 (0.81 ˚C). For July, the 

minimum and maximum temperatures were observed in 2004 (7.20˚C) and 2015 (8.97˚C) 

respectively. On the other hand, for the month of October, the minimum temperature was 

observed in the year 2010 (-3.25˚C) and the maximum was observed in the year 2011 

(1.43˚C).  
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   Fig.3.10: Trend showing Variation of Snow Cover Area w.r.t temperature for the month of 

(a)January, (b) April (c) July and (d) October from 2002 to 2015 

 

Fig. 3.11 shows the percent change in snow cover area from 2003 to 2015 with respect to the 

snow cover area in 2002 for the months January, April, July and October.  

 

Fig.3.11: Percent change in snow cover area from 2003 to 2015 w.r.t. snow cover area in 

2002 for (a) January, (b) April, (c) July and (d) October for the Brahmaputra 

River basin 

It is observed from the above figure that for the month of January, except for 2008 where the 

snow cover area was less than the snow cover area in 2002, for all other years, the snow 

cover area increases with respect to the snow cover area in 2002. The maximum increase was 

observed in 2012 (354.68%) while the minimum increase was observed in 2006 (22.35%). In 

2008, the snow cover area decreased by 2.14% with respect to that in 2002. 

For the month of April, for each year from 2003 to 2015, the snow cover area was observed 

to be less than the snow cover area in 2002. The maximum decease has been observed in 
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2014 with percent decrease value of 56.15% compared to the snow cover area in 2002. The 

minimum decrease has been observed in 2003 (12.75%).  The snow cover area also decreased 

significantly in the years 2004, 2013 and 2015 by 50.92%, 54.14% and 55.37% respectively. 

For July, the snow cover area were more in 2003, 2004 and 2008 compared to that in 2002. In 

2003 and 2004 it increased by 77.84% and 68% respectively. For other years, the snow cover 

areas were less compared to the snow cover area in 2002. The maximum percent decrease in 

snow cover area was in 2014, where it decreased by 69.02% with respect to 2002 and the 

minimum percent decrease was in 2009 where snow cover area decreased by 1.43% 

compared to that in 2002.  

Compared to the snow cover area in 2002, the snow cover areas were less for other years 

from 2003 to 2015, for the month of October. The maximum reduction in snow cover area 

was observed in 2014 (89.14%) and the minimum reduction was observed in 2004 (24.43%). 

Except for the year 2004, the percent decrease in snow cover areas are more than 50% for the 

rest of the years compared to that in 2002. 

Fig.3.12 shows the scatter plot for percentage reduction in average snow cover area of the 

Brahmaputra River basin from 2003 to 2015compared to the snow cover area of 2002. 

 

Fig.3.12:  Percentage change in average snow cover areas from 2003 to 2015 for the 

Brahmaputra River basin 
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It is observed that average snow cover area for 2003 and 2012 increases compared to the 

snow cover area in 2002 by 0.47% and 7% respectively. For the rest of the years, the average 

snow cover area of the basin reduces compared to the snow cover area in 2002. The 

maximum percentage reduction in snow cover area as compared to that of 2002 has been 

observed for the year 2006 (40.08%) and the minimum percentage reduction was observed in 

the year 2009 (0.87%). The increase in percentage reduction in snow cover area implies that 

the river is carrying a significant amount of melting water and is affecting the downstream 

hydrology of the river Brahmaputra.  

Temperature being a dominant factor, this study evaluated the impact ofincrease in 

temperature on the snow cover area. Apart from the role of temperature, other factors should 

also be taken into account to explain the reason behind the difference in snow melt trend of 

the other three months from that of January. For example, if the snow is older, its albedo will 

be lower and in such situation it absorbs more solar radiation. Again, if the temperature 

variation is not significant, snow melts faster in the windy condition than in the calm 

conditions. According to IPCC (2001a), it is likely that changes in precipitation may occur 

during winter in Tibet and central Asia. Therefore, such variations should also be considered 

along with temperature and there is a need to study the combined effect of changes in 

temperature and precipitation. Once the effect of increase in temperature (no precipitation 

change) is known, then it is possible to assess the trend of snow cover depletion along with 

any change in precipitation (Singh and Bengtsson, 2003). For example, under a particular 

higher temperature scenario, an increase in snowfall will slow down the depletion of snow 

cover area and, consequently, would prolong the melt season. On the other hand, a reduction 

in snowfall would accelerate the depletion of snow and the melt season would be reduced.  

3.3.2 Effect of change in snow cover area on discharge of the River Brahmaputra 

The discharge data collected at Pandu gauge site from 2002 to 2015 has been used to study 

the effect of change in snow cover area on the discharge of the river Brahmaputra. The 

increasing and decreasing trends of discharge of Brahmaputra River with respect to the 

change in  snow cover area for the months January, April, July and October from 2002 to 

2015 are shown in Fig.3.13 (a,b, c and d). 
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Table 3.3: Snow Cover Area and discharge for different months 
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2002 30474 20265 114588 24218 14536 32081 84551 33407 

2003 98414 17855 99972 23967 25851 81635 21069 58528 

2004 64472 17591 56236 24744 23695 82136 63894 41276 

2005 74004 17197 83658 23364 11262 67365 28355 47279 

2006 37285 16450 80162 22878 12678 52740 16157 49474 

2007 49892 16260 87833 24571 7881 66558 12347 57555 

2008 29822 16189 92263 17822 15540 62268 32572 41136 

2009 112736 16262 89539 20595 14328 62966 25427 33734 

2010 66618 16207 68848 39502 12401 68380 30162 57233 

2011 62421 17059 74142 24578 13038 68352 13129 51521 

2012 138555 16064 89930 21631 12236 79806 20526 63098 

2013 126798 16713 52121 23457 9088 69891 16915 40634 

2014 112355 17644 50246 25651 4503 64247 9180 49275 

2015 102833 17500 51138 24657 6584 59506 9983 38262 
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Fig. 3.13: Trend showing variation of discharge w.r.t. snow cover area for the month (a)           

January, (b) April, (c) July and (d) October. 

A relationship has been established between the change in snow cover area and discharge.The 

output shows that for the month of January, the discharge shows a decreasing trend with 

respect to the increasing trend of snow cover area. The minimum discharge was observed in 

the year 2012 (16064 MCM) and maximum was observed in the year 2002 (20265 MCM). 

For the other three months i.e. April, July and October, increasing trends of discharge have 

been observed with respect to the decreasing trends of snow cover area. This may be 

attributed to the fact that due to rise in temperature the melting of snow is occurring at the 

upper catchment of the Brahmaputra River basin and the snowmelt water is contributing to 

the increase in discharge of the River at the downstream. This in turn is affecting the 
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downstream hydrology of the basin, causing severe flood in the monsoon season as well as 

riverbank erosion at some vulnerable points which is definitely a threat to the development of 

the entire region. For the month of April, the minimum discharge has been observed in the 

year 2008(17822 MCM) and maximum has been observed in the year 2010 (39502 MCM). 

For July, minimum has been observed in the year 2002 (32081 MCM) and maximum has 

been in the year 2004 (82136 MCM). On the other hand, for the month of October, the 

minimum discharge has been observed in the year 2002(33407 MCM) and maximum has 

been observed in the year 2012 (63098 MCM). Melting of snow/glacier with respect to the 

rise in temperature has a major impact on the hydrology of the rivers originating from 

glaciers. The Brahmaputrais responsible for many natural calamities among which flood and 

erosion are the severe ones. Along with the heavy rainfall of this region, the melting of 

snow/glacier at the upper catchment of the basin also has a major effect on change in its 

discharge. In mountain regions particularly, global mean temperature has not been spatially 

homogeneous. A minor variation in temperature under low magnitude warming is more 

effective to changes in volume and area of glacier than high magnitude warming.An 

increased seasonal melt coupled with rains will bring more intense floods to the downstream 

areas. Impacts of the shrinkage and disappearance of mountain glaciers include changes in 

the flow characteristics of glacier fed rivers; glacier lake outburst floods (GLOFs) as well as 

the change in flood severity and frequency. The GLOFs are capable of releasing billions of 

cubic meter of glacier water, stored for decades without warning to those living at the 

downstream. 

Melting of snow with respect to the rise in temperature has a major impact on the hydrology 

of the rivers. The flood and river bank erosion caused by the river Brahmaputra at its 

downstream are the main calamities that affect the livelihood of the people. Though 

precipitation is considered as the main cause of flood in this region, attention should also be 

paid to the impact of the contribution of snowmelt water to the discharge of the river. From 

this study, it has been found that the melting of snow is proportional to rise in temperature. 

Here a quantitative analysis has been performed to show how much area covered by snow has 

been reduced due to the rise in temperature from 2002 to 2015 for four different months viz., 

January, April, July and October. On the basis of these findings, in future, further analysis 

could be carried out to determine the volume of snowmelt water that contributes to the 

discharge of the river Brahmaputra. Increase in glacier lakes due to rise in temperature should 

also be a serious matter of concern. Glacier lakes are formed when the glacier erodes the 
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land, and then melts, filling the hole or space that it has created. A retreating glacier often left 

behind large deposits of ice in hollows between hills. As the ice age ended, these melted to 

create lakes. 

The accelerated melting and the accelerated retreat of snow cover area under warmer climate 

have direct implications on water resources and their distribution in time as well as on the 

regional climate. The reduction in snow cover area under warmer climate will reduce the 

volume of snowmelt runoff. Because of major differences in the physical properties of snow 

and other natural surfaces, the energy balance of the basin will be significantly changed. 

Evaporation would significantly increase because of higher temperatures and fast conversion 

of snow cover areas to snow free areas. Moreover, since evaporation from the snow cover 

area is far lower than from snowfree areas (Bengtsson, 1980), snow-free areas would be 

exposed to evaporation for longer durations. Under warmer climate, glaciers located in the 

upper part of the basin will be exposed earlier and this will result in higher melting from the 

high altitude area (Braithwaite & Olesen, 1989; Braun et al., 1994), which will affect the 

mass balance of the glaciers. Thus, faster depletion of snow in a basin may influence the total 

runoff of that particular area and its distribution. 

 

3.4 Conclusions 

For hydrological applications, SCA estimates are of primary importance where winter snow 

accumulation substantially affects spring runoff.In this study, a correlation has been 

established between change in snow cover area of the Brahmaputra river basin and the 

change in temperature. There has also been built a relationship between change in snow cover 

area and change in discharge of the Brahmaputra River. As observed from the results, the 

snow cover area showedan increasing trend with respect to the decreasing trendof 

temperature for the month of January. The snow cover areas for other three months i.e. April, 

July and October showed decreasing trends with respect to the increasing trends in 

temperature. Similarly, for January, with respect to the increasing trend of snow cover area, 

the discharge showed a decreasing trend. For April, July and October, the discharge showed 

increasing trends with respect to the decreasing trends of snow cover area.  

Conventional methods have limitations in the monitoring of snow cover area in the 

Himalayan basins because of inaccessibility. Snow by virtue of the high reflectivity is one of 

the objects on surface of the earth which is readily detected or identified on any visible or 

near IR remotely sensed image. It has been found from this study that MODIS data can 
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efficiently be used in mapping snow cover of large areas, because of its good spatial as well 

as temporal resolution relative to similar sensors such as AVHRR. Since snow reflects more 

energy in the visible part than in the mid-infrared, the NDSI ratio enhances the contrast 

between snow and bare ground. Additionally, the reflectance of clouds remains high in 

MODIS band-6. Thus, the NDSI can discriminate clouds and snow. MODIS snow map 

prepared by the method of NDSI was found to be accurate when validated with the high 

resolution LANDSAT data of same date. In both the images, the areas covered by snow for 

the selected portions were found to be the same. The MODIS product accurately classified 

snow versus no-snow throughout the Brahmaputra basin on both clear and (partially) cloudy 

days. The enhanced ability of the MODIS data to detect snow cover area correctly will have 

the greatest implications for hydrologic modelling and prediction in the Brahmaputra River 

basin. 
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CHAPTER 4 

STATUS OF SNOWCOVER OF THE SUBANSIRI RIVER 

BASIN AND ITS IMPACT ON THE DISCHARHE IN THE 

RIVER 

 

4.1. Introduction 

Subansiri River, a north bank tributary of the River Brahmaputra originates in the Himalayas 

beyond the Great Himalayan range at an altitude of approximately 5340m. The catchment 

area of the Subansiri River is spread out further than the grand Himalayan mountain ranges, 

covering Tsona Dzong till the Great Loop of the Tsang Po River in Tibetan Territory. The 

upper part of the Subansiri basin is covered by snow which starts melting in summer due to 

increase in temperature. The melting of snow has a major impact on the downstream 

discharge of the river. Keeping this in mind, the change in snow cover area with respect to 

the change in temperature has been studied here. The effect of change in snow cover area on 

the discharge of the river Subansiri has also been analyzed starting from 2002 to 2015 for 

four different month viz., January, April, July and October. 

4.2 Materials used 

4.2.1 SRTM DEM data 

Shuttle Radar Topographic Mission (SRTM)-DEM at a horizontal spatial resolution of 90 

meters has been used in this study to delineate the Subansiri River basin. Digital Elevation 

Model (DEM) is useful to get various important information including terrain slope, gradient, 

aspect, contour line, hill shade and view shade. The Shuttle Radar Topography Mission 

(SRTM) is an international research effort that obtained digital elevation models on a near-

global scale from 56° S to 60° N (Nikolakopoulos et al., 2006). 

The delineation of the basin has been done in the ILWIS software.ILWIS (Integrated Land 

and Water Information System) is a GIS / Remote sensing software and is used for both 

vector and raster processing. Primary data used in ILWIS model to delineate a watershed are 

DEM and the outlet location of the River. Here in this study, Khabulighat has been 

considered as the outlet location of the river. The geographic coordinates of Khabulighat are, 

94°04´E and 27°01´N. 
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Version 4.1 of SRTM-DEM datasets, ID 53-06, 53-07, 53-08, 54-06, 54-07, 54-08, 55-06, 

55-07, 55-08, 56-06, 56-07 and 56-08 have been downloaded, mosaiced and processed 

(Fig.4.1).Spatial extent of the datasets are given in Table 4.1 

Table 4.1: Spatial extent of the SRTM DEM datasets used to delineate Subansiri basin 

SRTM DEM dataset ID Top left coordinate Bottom right coordinate 

53-06 80° E; 35°N 85°E;  30°N 

53-07 80°E; 30°N 85°E;  25°N 

53-08 80°E;  25°N 85°E;  20°N 

54-06 85°E;  35°N 90°E;  30°N 

54-07 85°E;  30°N 90°E;  25°N 

54-08 85°E;  25°N 90°E; 20°N 

55-06 90°E;  35°N 95°E;  30°N 

55-07 90°E;  30°N 95°E;  25°N 

55-08 90°E;  25°N 95°E;  20°N 

56-06 95°E;  35°N 100°E;  30°N 

56-07 95°E;  30°N 100°E;  25°N 

56-08 95°E;  25°N 100°E;  20°N 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.4.1: Digital Elevation Model, SRTM data 
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4.2.2 MODIS satellite data 

MOD09A1.5 (MODIS/Terra Surface Reflectance 8-Day L3 Global 500m SIN Grid) of 500m 

resolution consisting of seven bands (band-1 to band-7) used to determine the snow cover 

area of the Subansiri river basin. 

4.2.3 Temperature data 

The gridded temperature data of HadCM3 (Hadley center Coupled Model version 3) model 

of A2 scenario having spatial resolution of 2.5˚ X 3.75˚ (latitude by longitude) have been 

used to get the average temperature of the Subansiri River basin. There is only one HadCM3 

point that falls inside the basin. Three other HadCM3 points that fall around the basin have 

also been considered to determine the average temperature of the basin.  Table 4.2 gives the 

geographic coordinates of the four HadCM3 GCM points. 

Table 4.2: Geographic coordinates of the GCM points 

HadCM3 points Geographic coordinates 

(1) 93.75˚E, 27.50˚N 

(2) 93.75˚E, 30.00˚N 

(3) 90.00˚E, 30.00˚N 

(4) 90.00˚E, 27.50˚N 

 

4.2.4 Discharge data 

The daily discharge data of Subansiri River at Khabulighat gauge station from 1990 to 2015 

have been collected from the Water Resources Department, Govt. of Assam to study the 

variation of discharge with respect to the change in snow cover area. 

4.3 Methodology 

4.3.1 Watershed delineation 

Accurate delineation of watershed is very important as it plays animportant role in the 

management of the watershed (Donia, N., 2009). The traditional method of catchment area 

delineation from topographic maps by drawing lines to connecting elevation points and 

contour lines is not an easy task to precisely define the watershed lines and related 

hydrographic and morphometric parameters in plane land areas (Altansukh, 2012). The 

manual delineation of drainage networks and catchments from topographic maps has been 

widely replaced by the automatic extraction from Digital Elevation Model (Bastawesy et al., 

2008). In the present study, the Subansiri river basin has been delineated using ILWIS model. 
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The steepest slope method has been used to determine the flow direction. Fig. 4.2 gives the 

flowchart showing the methodology to delineate watershed from DEM. 

 

 

Fig.4.2: Methodology of ILWIS model used for delineation of the Subansiri catchment 
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The SRTM DEM has been processed in the above seven phases as shown in the flowchart to 

get the catchment area of the Subansiri river basin. The various operations performed are, fill 

sink, flow direction, flow accumulation, drainage network extraction, drainage network 

ordering, catchment extraction and catchment merge. The intermediate results produced 

while running the model are shown in Fig. 4.3. The Subansiri basin with its flow directions 

and the longest flow path is shown in Fig. 4.4. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.4.3: Some intermediate results obtained from ILWIS model 

 

(a) Fill Sink     (b) Flow direction 

(c)Flow accumulation (d) Drainage network 

(e) Drainage order 
(f) Catchment      

merge (raster) 

(g) Catchment 

merge- vector 

(h) Longest 

flow path 
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Fig.4.4: The Subansiri Catchment showing the Flow direction and the longest flow path 

4.3.2 Snow cover area study of the Subansiri River Basin 

The NDSI method as explained in Chapter 3 to determine the snow cover area of the 

Brahmaputra river basin has also been used to determine the snow cover area of the Subansiri 

River basin. The variations of snow cover area with respect to temperature have been 

analyzed for January, April, July and October from 2002 to 2015. The four HadCM3 GCM 

points considered (Table 4.2) to determine the average temperature of the basin are shown in 

Fig. 4.5. 

 

Fig.4.5: Locations of four HadCM3 GCM points considered for the Subansiri basin 
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4.3.3 Effect of change in snow cover area on discharge of river Subansiri 

The snow cover areas obtained from the NDSI method have been used to study impact of 

variations of snow cover area on the discharge of the river Subansiri.  

4.4 Results and Discussions 

4.4.1 Geomorphologic parameters of the Subansiri River and its basin 

According to the final result of ILWIS model, which was run on SRTM-DEM, the perimeter 

of the catchment area is 1407.29 km, area of the catchment is 34246.19 km
2
, overall length of 

the drainage is 10049.66 km, drainage density is 0.29 km/km
2
, length of longest flow path is 

533.14 km, length of the Subansiri River is 533.14 km, centre of the catchment according to 

half of the length of the longest flow path is 28°22'26.2"N, 93°37'48.38"E, geographic 

coordinate of Subansiri river head is 28°24'18.2"N, 91°37'32.93"E, elevation of the river head 

is 5030m, geographic coordinate of the Subansiri river mouth is 26°57'44.2"N, 94°00'00"E, 

elevation of the river mouth is 87m, elevation difference is 4943m, catchment centre is 

27°56'14.2"N, 93°56'48.38"E, according to Strahler ordering system the river belongs to 6th 

order and sinuosity  is 1.87. Drainage density is a very useful index of basin characteristics as 

it affects the magnitude of streamflow from a drainage basin (Kirkby and Choreley, 1967). 

The high drainage density of Subansiri catchment reflects that it is a highly dissected basin 

and has a relatively rapid hydrologic response to rainfall events compared to a low drainage 

density basin with slow hydrologic response.  

4.4.2 Variation of snow cover area with respect to change in temperature 

The snow cover area maps from 2002 to 2015 for January, April, July and October are shown 

in Fig.4.6, 4.7, 4.8 and 4.9 respectively.Table 4.3 gives the total area covered by snow for 

each selected month and the temperature data of HadCM3 for A2 scenario for the Subansiri 

River basin. The maximum snow cover area has been observed either in the month of January 

or in the month of April.  
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Table 4.3: Snow Cover Area and temperature for different months for Subansiri River basin 
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2002 1697 -3.06 5154 6.81 1067 13.57 1593 4.93 

2003 3502 -5.23 4249 7.53 2623 11.59 865 6.25 

2004 2908 -5.18 2500 7.55 2162 11.87 1319 5.46 

2005 2510 -4.90 2010 5.77 709 12.95 1042 3.94 

2006 1803 -5.31 3067 9.10 903 12.51 803 6.83 

2007 2216 -3.05 3743 8.43 353 12.15 1056 3.56 

2008 1527 -6.30 2478 7.53 673 12.63 985 7.07 

2009 3766 -4.09 2630 8.61 650 12.20 766 4.19 

2010 2218 -4.76 2543 7.59 938 13.06 1063 7.21 

2011 2037 -3.28 1081 8.42 604 12.84 665 6.00 

2012 3876 -8.43 3945 9.03 420 12.01 1076 4.99 

2013 3550 -6.28 1227 8.66 749 12.04 1316 4.60 

2014 2301 -4.78 1330 7.06 617 12.98 864 5.10 

2015 1678 -6.78 1112 7.35 446 13.24 574 6.06 
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Fig.4.6: Snow Cover Maps of the Subansiri basin for January from 2002 to 2015 
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Fig.4.7: Snow Cover Maps of the Subansiri basin for April from 2002 to 2015 

 

Fig.4.8: Snow Cover Maps of the Subansiri basin for July from 2002 to 2015 
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Fig.4.9: Snow Cover Maps of the Subansiri basin for October from 2002 to 2015 

From the Table 4.3, it has been observed that the maximum snow cover area has been 

observed in 2002 for the month of April with a value of 5154 sq.km. and the minimum has 

been observed in 2007 for the month of July with a value of 353 sq.km. The maximum 

temperature for the entire period from 2002 to 2015 has been observed in 2002 for the month 

of July (13.57˚C) and the minimum has been observed in 2012 for the month of January       

(-8.43˚C). The increasing and decreasing trend of snow cover area with respect to the change 

in temperature for all the four months from 2002 to 2015 are shown in Fig.4.10 [(a), (b) (c) 

and (d)]. It has been observed that for the month of January, the snow cover area shows an 

increasing trend with respect to the decreasing trend of temperature. The minimum snow 

cover during this period was in the year 2008 with a value of 1527 sq. km. and the maximum 
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was in the year 2012 with a value of 3876 sq.km. While the minimum temperature was in the 

year 2012 (-8.43 ˚C) and maximum was in the year 2007 (-3.05 ˚C).  

For the other three months i.e. April, July and October, the graphs show decreasing trends of 

snow cover areas with respect to the increasing trends of temperature. For the month of April, 

the minimum snow cover area was observed in the year 2011 (1081 sq.km.) and the 

maximum was observed in the year 2002 (5154 sq.km.). For July, the minimum was observed 

in the year 2007 (353 sq.km.) and the maximum was observed in the year 2003 (2623 

sq.km.). Again, for the month of October, the minimum snow cover area was observed in the 

year 2015 (574 sq. km.) and the maximum was observed in the year 2002 (1593 sq.km.). In 

case of temperature, the minimum in the month of April was observed in 2005 (5.77 ˚C) and 

maximum was observed in the year 2006 (9.10 ˚C). For July, the minimum and maximum 

temperatures were observed in 2003 (11.59˚C) and 2002 (13.57˚C) respectively. On the other 

hand, for the month of October, the minimum temperature was observed in the year 2007 

(3.56 ˚C) and maximum was observed in the year 2010 (7.21˚C). 
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Fig. 4.10: Trend showing Variation of Snow Cover Area w.r.t temperature for the month of 

(a)January,(b) April (c) July and (d) October from 2002 to 2015 in the Subansiri river basin 

 

The percentage change in snow cover area from 2003 to 2015 by taking the snow cover area 

in 2002 as the basehas also been studied. Fig. 4.11 gives the scatter plots of the percentage 

change in snow cover area of the Subansiri basin from 2003 to 2015 with respect to the snow 

cover area in the year 2002 for the four different months. 

 

 
 

Fig.4.11: Percent change in snow cover area from 2003 to 2015 w.r.t. snow cover area in 

2002 for (a) January, (b) April, (c) July and (d) October for the Subansiri river basin 

It is observed from the figure that, for the month of January, except in 2008 and 2015, the 

snow cover area increases for each year from 2003 to 2014 compared to that in 2002. In 

2008, it reduces by 10.02% while in 2015, it reduces by 1.12%. The maximum and the 
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minimum increase has been observed in 2012 and in 2006 where the snow cover area 

increases by 128.40% and 6.25% respectively compared to that in 2002. Percentage increases 

were also significant in 2004, 2009 and 2013 with values 71.36%, 121.92% and 109.19% 

respectively. 

For the month of April, compared to 2002, the snow cover areas for the other years from 

2003 to 2015 show lesser values. From percentage reduction scatter plot (Fig. 4.6(b)), it is 

seen that the maximum and the minimum reduction were in 2011 (78.90%) and 2003 

(17.08%) respectively. Also, significant reductions have been observed in 2004, 2005, 2008, 

2010, 2013, 2014 and 2015 where snow cover areas reduced by 51.21%, 60.77%, 51.64%, 

50.37%, 76.05%, 74.04% and 78.30% respectively with respect to the area covered by snow 

in 2002. 

For the month of July, the snow cover area first increases for 2003 and 2004 compared to that 

in 2002 with percentage increase values of 145.83% and 102.62% respectively. For the rest 

of the years i.e. from 2005 to 2015, the snow cover area show lesser values than that in 2002. 

The maximum and the minimum reductions were observed in 2007(66.92%) and in 2010 

(12.09%). More than 50% reductions were also observed in 2012 and 2015 with values 

60.64% and 58.20% respectively. 

Similar to the month of April, for the month of October too, the snow cover areas from 2003 

to 2015 are less compared to the snow cover area of 2002. The maximum and the minimum 

reductions have been observed in 2015 and in 2004 where the areas covered by snow were 

reduced by 63.97% and 17.20% respectively. Years 2006, 2009 and 2011 also show 

significant reduction in snow cover areas with values 49.59%, 51.91% and 58.25% 

respectively. 

The scatter plot for the percentage change in average snow cover area from 2003 to 2015 

taking the snow cover area of 2002 as the base is shown in Fig.4.12. It is observed that 

average snow cover area for 2003 increases compared to the snow cover area in 2002 by 

18.16%. For the rest of the year i.e. from 2004 to 2015, the average snow cover area of the 

basin reduces compared to the area covered by snow in 2002. The maximum percentage 

reduction in snow cover area as compared to that of 2002 has been observed for the year 

2015 (59.95%) and the minimum percentage reduction was in the year 2012 (2.05%). High 

percentage reductions have also been observed for the years 2011 and 2014 with values 

53.88% and 46.26% respectively.  
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Fig. 4.12: Percentage change in average snow cover area from 2003 to 2015 for the Subansiri 

river basin 

 

4.4.3 Effect of change in snow cover area on discharge of River Subansiri 

The discharge data collected at Khabulighat gauge site from 2002 to 2015 has been used to 

study the effect of change in snow cover area on the discharge of river Subansiri. Table 4.4 

gives the total area covered by snow for each related month and the discharge of Subansiri 

river for different months. The increasing and decreasing trend of discharge of Subansiri 

River with respect to the change in  snow cover area for the months January, April, July and 

October from 2002 to 2015 are shown in Fig.4.13 (a,b, c and d). 

Table 4.4: Snow Cover Area and discharge for different months for Subansiri  
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2002 1697 1921 5154 3707 1067 9768 1593 3443 

2003 3502 1902 4249 4200 2623 6054 865 2472 

2004 2908 1876 2500 5135 2162 9032 1319 4440 

2005 2510 2051 2010 4296 709 4667 1042 1844 

2006 1803 1825 3067 4131 903 10902 803 3876 

2007 2216 1950 3743 3840 353 9527 1056 2826 

2008 1527 1846 2478 3552 673 9245 985 4066 

2009 3766 1993 2630 3455 650 6359 766 3724 
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2010 2218 1899 2543 4705 938 3459 1063 3416 

2011 2037 1933 1081 3238 604 8207 665 3968 

2012 3876 1849 3945 6025 420 7321 1076 3592 

2013 3550 1900 1227 4331 749 8762 1316 3610 

2014 2301 1928 1330 4198 617 12652 864 4187 

2015 1678 1774 1112 3901 446 11118 574 2309 

 

 

 

 

 

 
 

Fig. 4.13: Trend showing variation of discharge w.r.t  snow cover area for the month (a) 

January, (b) April, (c) July and (d) October 

 

 

TH-1585_10610426



95 
 

From the graphs, it is observed that for the month of January, the discharge shows a 

decreasing trend with respect to the increasing trend of snow cover area. The minimum 

discharge was in the year 2015 (1774 MCM) and maximum was in the year 2005 (2051 

MCM).  

For the other three months i.e. April, July and October, corresponding to the decreasing 

trends in snow cover areas the discharge shows increasing trends. For the month of April, the 

minimum discharge has been observed in the year 2011(3211 MCM) and maximum has been 

observed in the year 2012 (6025 MCM). For July, minimum has been observed in the year 

2010 (3459 MCM) and maximum has been in the year 2014 (12652 MCM). On the other 

hand, for the month of October, the minimum discharge has been observed in the year 

2003(2472 MCM) and maximum has been observed in the year 2004 (4440  MCM). 

The Subansiri basin experiences the highest temperature from June to the beginning of 

October and begins to drop by the end of November (Gogoi et al., 2013). Such high 

temperature is responsible for melting of snow at the upper part of the catchment. Snowmelt 

water in turn contributes to the discharge of the river at downstream. Apart from the 

snowmelt water, the heavy rainfall that occurs in the basin during the months June through 

September is also responsible for heavy discharge of the river in downstream. The reason 

behind heavy rainfall during this period is that, during the pre-monsoon months of April and 

May, North East India receives a fairly good amount of rainfall on account of large scale 

thunder storm activity over this region causing a favorable antecedent condition of saturated 

ground and nearly bank full stage in rivers (Gogoi et al., 2013). The resultant heavy discharge 

in turn is responsible for high flood and erosion in the lower part of the basin in 

Assam.Generally, high floods occur in the months of June, July and August. The contribution 

of Subansiri Riveris estimated to be about 10 percent of the total discharge of Brahmaputra 

River (Bakalial et al., 2014). Thus, the huge discharge developed at the downstream of 

Subansiri River finally leads to heavy discharge of the river Brahmaputra which is one of the 

major causes of flood and erosion in the State of Assam and in the entire Brahmaputra valley. 
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4.5 Conclusions 

In this study, the variations of snow cover area of Subansiri river basin with respect to change 

in temperature have been studied from 2002 to 2015 for the months January, April, July and 

October. For this, the Subansiri River catchment area has first been delineated in ILWIS 

software by taking the SRTM DEM data of 90m spatial resolution and catchment outlet at 

Khabulighat for the input parameters. Various geomorphologic parameters have been defined 

by ILWIS model out of which few parameters defined the catchment area and rest defined the 

river morphology. The total length of Subansiri River has been found to be 533.14 km. 

Elevation of the river head and mouth is 5030m and 87m respectively. Hence, elevation 

difference is 4943m. Therefore, drainage slope is 0.0093.  

A correlation has been made between change in snow cover area of the Subansiri river basin 

with the change in temperature for four different month viz., January, April, July and October 

starting from 2002 to 2015. It has been found from this study that except for the month of 

January, the snow cover area for other three months i.e. April, July and October showed 

decreasing trends with respect to the increasing trendsof temperature.  

The effect of change in snow cover area on discharge of the river Subansiri has also been 

studied for the same four different months from 2002 to 2015. The discharge of Subansiri 

River at Khabulighat outlet has been used for the analysis. The results showed that snow 

cover area and discharge of the river gave a reverse relationship i.e. when the snow cover 

area showed a decreasing trend the discharge showed an increasing trend and vice versa. This 

implies that the melting of snow at the upper part of the Subansiri catchment has contribution 

towards the discharge of the river in downstream. 
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CHAPTER 5 

LAND USE/LAND COVER CHANGE DETECTION STUDY OF 

THE BRAHMAPUTRA AND THE SUBANSIRI RIVER BASINS 

USING REMOTE SENSING AND GIS 

 

5.1 Introduction 

The term “land use” and “land cover” (LULC) are often used simultaneously to describe 

maps that provide information about the types of features found on the earth’s surface (land 

cover) and the human activity that is associated with them (land use) (Shetty et al., 2005). 

Originally, the kind and state of vegetation such as forest cover or grass cover were referred 

to as land cover, but in subsequent usage, it has broadened to include various structures such 

as buildings, pavements and other natural environment like soil type, biodiversity, surface 

water and ground water (Chen et al., 2008 and Meyer, 1995). Assessment of land use/land 

cover has become one of the most important parameters for proper and meaningful 

management of land resources. Land use/land cover information of an area is helpful in better 

assessment of relationship of cropland, forestland, settlement, wetlands etc. with river 

flowing through the area. Land use/landcover changes is a widespread andaccelerating 

process, mainly driven by natural phenomenaand anthropogenic activities, which in turn 

drive changes thatwould impact natural ecosystem (Ruiz-Luna and Berlanga-Robles, 2003; 

Turner and Ruscher, 2004). Land use/land cover change detection is essential as it is an 

indicator of climate change as well as it helps in better assessment of landscape dynamic 

during a particular period of time. 

In the present study, the land use/land cover change detection has been performed for both 

the Brahmaputra and the Subansiri River basins from 2002 to 2012 for three different months 

viz., January, April and October. The supervised classification method and the maximum 

likelihood classifier algorithm are used to classify the satellite images. 

5.1.1 Methods of LULC change detection study 

LULC changes are important elements of the global environmental change processes 

(Jaisawal et al., 2001). Satellite remote sensing is a potentially powerful means of monitoring 
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land-use change at high temporal resolution and lower costs than those associated with the 

use of traditional methods (El-Raey et al., 1995). The synoptic view, repetitive coverage and 

real time data acquisition are three main advantages that make remote sensing data very 

useful. The satellite imageries, therefore, enable to accurately compute various LULC 

categories and help in maintaining the spatial data infrastructure which is very essential for 

monitoring urban expansion and land use studies (Mukherjee, 1987). There are two basic 

methods to study the LULC change detection. These are pixel-to-pixel comparison and post-

classification comparison (Jaisawal et al., 1999). In the post classification method, two or 

more images of different dates are first classified separately and then are compared (Pilon et 

al., 1988; Fung and Zhang, 1989). It is considered to be one of the most appropriate and 

commonly used methods for change detection (Jensen, 1996). 

5.1.2 Image Classification 

The overall objective of image classification is to automatically categorize all pixels in an 

image into land cover classes or themes. Normally, multispectral data are used to perform the 

classification, and the spectral pattern present within the data of each pixel is used as 

numerical basis for categorization. The various image classification techniques can be 

broadly classified into two categories: deterministic and fuzzy classifications. 

5.1.2.1 Deterministic Classification 

In deterministic classification,a pixel will fall into one and only one category devoting 100% 

of its information tothe class it is assigned. Deterministic classification can further be divided 

into four more categories. These are: (i) Manual classification, (ii) Semi-automated 

(supervised) digital classification, (iii) Automated (unsupervised) digital classification and 

(iv) Knowledge base classification. 

5.1.2.1.1 Manual Classification 

Manual classification of satellite data is done by delineating polygons around the pixels that 

belong to the same class based on color, texture, tone, pattern and shape. If the analyst has a 

previous knowledge of the area to be classified as well as knowledge of reflectance properties 

of the ground materials, then manual classification technique is considered as an effective 

method of classifying land cover. It can be done through on-screen digitization or classifying 

hard copies. 
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5.1.2.1.2 Automated Supervised Classification 

Supervised classification can be defined normally as the process of samples of known 

identity to classify pixels of unknown identity (Kumar and Singh, 2013). Samples of known 

identity are those pixels located within training areas.  In this method, the area of interest is 

delineated and stored for use in the supervised classification algorithm. The user defines the 

original pixels that contain similar spectral classes representing certain land cover class. In 

other words, in supervised classification, spectral signatures are collected from specified 

locations (training sites) in the image by digitizing various polygons overlaying different land 

use types. The spectral signatures are then used to classify all pixels in the scene. Generally, 

the supervised classification is followed by knowledge-based expert classification systems 

depending on reference maps to improve the accuracy of the classification process (Xioling et 

al., 2006 and Berberoglu et al., 2007). As the “User-Defined Polygon” function involves a 

high degree of user control, it reduces the chance of underestimating class variance in 

supervised classification (Moller-Jensen, 1997).  

The basic steps involved in a typical supervised classification procedure are, 

I. The training stage 

In this step, training fields i.e. the areas of known identity are delineated on a satellite image. 

It is necessary for the analyst to know the correct class for each area. The objective is to 

identify a set of pixels that accurately represent spectral variation present within each 

information region (Kumar and Singh, 2013). The key characteristics of training area are, 

shape, location, number, placement and uniformity. 

II. Selection of Appropriate Classification Algorithm 

Various supervised classification algorithms may be used to assign an unknown pixel to one 

of a number of classes. Parametric classification algorithms assume that the observed 

measurement vectors for each class in each spectral band during the training phase of the 

supervised classification are Gaussian in nature, i.e.they are normally distributed. 

Nonparametric classification algorithms make no such assumption.  Among the most 

frequently used classification algorithms are the parallelepiped, minimum distance and 

maximum likelihood decision rules. 

Parallelepiped Classification Algorithm 

This is a widely used decision rule based on simple Boolean “and/or” logic. Leica (2002a) 

gave the basic concept of the parallelepiped decision rule. He said that in this decision rule, 
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the data file values of the candidate pixel are compared to the a priori set higher and lower 

limits of every signature in every band. When the data values of a pixel fall in between the 

threshold values in the signature data for each band, then that pixel is automatically assigned 

to the class that corresponds the signature. As shown in Fig.5.1, all the pixels inside the 

rectangle i.e. the parallelepipeds are the members of the same land cover class. Those pixels 

far from the centre and near to the corners usually do not have the same attribute as the other 

members of the class. Apart from that several pixels also fall outside the parallelepipeds. In 

such case, the analyst defines some parametric decision rules and distributes them into the 

available land cover classes or they are assigned as unclassified. The parallelepiped algorithm 

is considered as computationally efficient method of classifying remote sensing data. The 

disadvantage of this method is that sometimes the parallelepipeds overlap because of which 

chances are there that an unknown pixel might satisfy the criteria of more than one class. In 

such case, it is assigned to the first class for which it meets all the criteria. 

 

Fig. 5.1: Parallelepiped Classification  

Minimum distance to means classification algorithm 

Like the parallelepiped algorithm, it requires that the user provides the mean vectors for each 

class in each band from the training data. To perform minimum distance classification, a 

program must calculate the distance to each mean vector, from each unknown pixel. It is 
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possible to calculate this distance using Euclidean distance based on the Pythagorean 

Theorem. 

 

Fig. 5.2: Minimum distance to mean classification 

Maximum likelihood classification algorithm 

The basic assumption of Maximum Likelihood Classifier (MLC) algorithm is that a pixel has 

a certain probability of belonging to a particular class. These probabilities are equal for all 

classes and the input data in each band follows the Gaussian (normal) distribution function 

(Lillesand et al., 2004). The MLC functions by using the band means and standard deviations 

from field collected data in order to project land cover classes as centroids in feature space 

(Muzein, 2006). The Maximum Likelihood Classification tool considers both the variances 

and covariances of the class signatures when assigning each cell to one of the classes 

represented in the signature file. With the assumption that the distribution of a class sample is 

normal, a class can be characterized by the mean vector and the covariance matrix. Given 

these two characteristics for each cell value, the statistical probability is computed for each 

class to determine the membership of the cells to the class. When the default EQUAL a priori 

option is specified, each cell is classified to the class to which it has the highest probability of 

being a member.The advantage of Maximum Likelihood method is its use of well-developed 

probability theory. 
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Fig.5.3: Maximum likelihood classification  

5.1.2.1.3 Unsupervised Classification 

The unsupervised approach attempts spectral grouping that may have an unclear meaning 

from the user’s point of view. Unsupervised classifiers do not utilize training data as the basis 

for classification. Rather, this family of classifiers involves algorithms that examine the 

unknown pixelsin an image and aggregate them into a number of classes based on the natural 

groupings or clusters present in the image values. It performs very well in cases where the 

values within a given cover type are close together in the measurement space and data in 

different classes are comparatively well separated. 

The classes that result from unsupervised classification are spectral classes because they are 

based solely on the natural groupings in the image values, the identity of the spectral classes 

will not be initially known. The analyst must compare the classified data with some form of 

reference data (such as larger scale imagery or maps) to determine the identity and 

informational value of the spectral classes.  

There are numerous clustering algorithms that can be used to determine the natural spectral 

groupings present in dataset. One common form of clustering, called the “k-means” approach 

also called as ISODATA (Iterative Self-Organizing Data Analysis Technique) accepts from 

the analyst a number of clusters to be located in the data. Because the k-means approach is 

TH-1585_10610426



103 
 

iterative, it is computationally intensive. Therefore, it is often applied to image subareas 

rather than to full scenes. 

Advantages of unsupervised classification 

Advantages of unsupervised classification (relative to supervised classification) can be 

enumerated as follows: 

a) No extensive prior knowledge of the region is required 

b) The opportunity for human error is minimized 

c) Unique classes are recognized as distinct units 

Disadvantages of unsupervised classification 

Disadvantages and limitations arise primarily from a reliance on “natural” grouping 

difficulties in matching these groups to the informational categories that are of interest to the 

analyst. 

a) Unsupervised classification identifies spectrally homogeneous classes withinthe data; 

these classes do not necessarily correspond to the information categories that are of 

interest to the analyst. As a result, the analyst is faced with the problem of matching 

spectral classes generated by the classification to the informational classes that are 

requiredby the ultimate user of the information. 

b) Spectral properties of specific information classes will change over time (on a 

seasonal basis as well as over the year). As a result, relationships between 

informational classes and spectral classes are not constant and relationships defined 

for one image can seldom be extended to others. 

5.1.2.2 Knowledge Base Classification 

Knowledge Base Classification (KBC) method is especially applicable when spectral 

information alone is not adequate for proper classification (Hansen et al., 2000; Defries et al., 

2000). Example may be drawn from a forest cover where forest in a lowland or highland 

responds almost similarly to the incoming radiation in all spectral ranges. In such case, 

elevation information is required to mark out these two classes. Such additional information 

is easily accommodated by the KBC method. KBC is used mostly as a post classification 

procedure to refine the previously classified images. One more advantage of KBC method is 

its convenience for land cover classification that involves fine scale temporal resolutions. 
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5.1.2.3 Fuzzy/Soft Classification 

Fuzzy classification is a relatively new method of classification. Here, the fuzzy logic 

concept is employed to address the problem of mixed pixels. Unlike the conventional 

classification techniques where every pixel is treated as full member of one of the classes in 

the thematic map or completely excluded from those classes, fuzzy logic assigns the degree 

of membership of each pixel to each land cover class (Kruse, 1993). 

An attempt has been made in this study to map out the status of land use/cover of both the 

Brahmaputra and the Subansiri River basins in view to detect the changes that have taken 

place in the basins during the period from 2002 to 2012 for three different months viz., 

January, April and October using geospatial techniques. 

5.2 Materials and Methods 

5.2.1 Data used 

MODIS image MOD09A1.5 of 500m resolution starting from the year 2002 to 2012 for three 

different months, viz., January, April and October have been used to prepare the land 

use/land cover maps. 

5.2.2 Database preparation 

These MODIS datasets were imported in ERDAS Imagine version 9.1 (LeicaGeosystems, 

Atlanta, U.S.A.), satellite image processing software to create a false color composite (FCC). 

The layer stack option in image interpreter tool box was used to generate FCCs for the study 

areas.  

5.2.3 Land use/land cover change detection and analysis 

To work out the LULC classification, supervisedclassification method with maximum 

likelihood algorithmwas applied in the ERDAS Imagine 9.1 Software.Over 80 training points 

were repeatedly selected from the whole study area by drawing a polygon around training 

sites of interests.  

Maximum likelihood algorithm (MLC) as described above is one of the most popular 

supervised classification methods which is based on the probability that a pixel belongs to a 

particular class. This theory assumes that these probabilities are equal for all classes as well 

as the input bands have normal distributions. The disadvantage of this algorithm is that it 

heavily relies on a normal distribution of the data in each input band and there is a tendency 
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to over classify the signatures with relatively large values in the covariance matrix. Also this 

method requires long computational time. 

Five different land use/cover types are identified in the studyarea viz., (i) bare soil(BS) (ii) 

surface water bodies (SWB) (iii) dense vegetation (DV) (iv) light vegetation (LV) and (v) 

snow cover area (SCA).For performing LULC change detection, a post-

classificationdetection method was employed. Classified images of different months were 

compared in order to determine quantitativeaspects of the changes for the periods from 2002 

to 2012 for the months of January, April and October. Quantitative arealdata of the overall 

land use/cover changes as well as gainsand losses in each category between 2002 and 2012 

were thencompiled. 

5.3 Results and Discussions 

The LULC maps for the Brahmaputra and the Subansiri River basins have been prepared for 

January, April and October by Supervised classification method using the maximum 

likelihood classification algorithm in the Erdas Imagine 9.1 software. The area covered by 

different LULC classes for both the river basins from 2002 to 2012 for January, April and 

October have been determined and the change detection has been analyzed accordingly.  

5.3.1 LULC change detection analysis for Brahmaputra river basin 

5.3.1.1 Change detection analysis for the month of January 

The areas covered by different LULC classes for the month of January from 2002 to 2012 are 

given in Table 5.1. Fig.5.4 shows the pie diagrams depicting the percent of total area covered 

by each LULC class. 

Table 5.1: Area covered by different LULC classes in Brahmaputra basin for the month of 

January from 2002 to 2012 

LULC 

Classes 

Year wise area covered ( 10
4
 km

2
) 

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 

BS 24.71 19.47 19.61 20.06 24.40 23.81 26.31 19.46 21.03 22.42 15.74 

SWB 7.10 7.47 10.31 9.03 5.35 3.85 4.36 8.94 7.35 7.87 9.96 

DV 15.39 17.33 13.93 20.68 17.39 17.84 22.61 18.92 20.08 13.47 7.77 

LV 17.12 13.28 16.90 10.27 16.87 16.97 11.32 8.86 12.54 17.37 20.62 

SCA 3.38 10.16 6.95 7.68 3.69 5.23 3.11 11.51 6.70 6.58 13.60 
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It is seen that area covered by bare soil has always been the maximum except for the year 

2012, where area covered by light vegetation was the maximum. The increase in light 

vegetation can be attributed to the fact of increasing urbanisation and agricultural land due to 

increase in population. 

 
Fig. 5.4: Pie diagrams showing percent of total area covered by different LULC classes in the  

Brahmaputra River basin from 2002 to 2012 for the month of January 

 

The maximum area covered by bare soil has been observed in 2008 with a value of 38.85% of 

the total basin area and the minimum was observed in the year 2012 with a value of 23.25% 

of the total area of the Brahmaputra basin. Area covered by surface water bodies was the 

maximum in 2004 (15.23%) and minimum in 2007 (5.68%). Percent of total area covered by 

dense vegetation was the maximum in 2008 with a value of 33.40% and was the minimum in 

2012 with a value of 11.48%. For light vagetaion and snow cover area the maximum were in 

2012 (30.46%  and 20.09% respectively) while the minimum were in 2009 (13.09%) and 

2008(4.59%) respectively. 
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The trend analysis for each LULC class for the month of January from 2002 to 2012 are 

presented graphically in Fig. 5.5. 

 

 
Fig. 5.5: Trends showing percent of total area covered by different LULC classes for the  

Brahmaputra River basin from 2002 to 2012 for the month of January 

 

From Fig. 5.5 it is observed that for bare soil and dense vegetation, the percent of total area 

covered show decreasing trends from 2002 to 2012 while percent of total area covered by 

surface water bodies,light vegetation and snow cover area show increasing trends. The 

increased snow cover area and surface water bodies might have occupied the bare land 

leading to decrease in the area covered by bare soil. The reason behind decrease in dense 

vegetation and  increase in light vegetation may be that deforestation occurred during this 

period which had been covered by agricultural lands. 

The land use/land cover maps of the Brahmaputra River Basin prepared by supervised 

classification method in Erdas Imagine software for the Month of January from 2002 to 2012 

are shown in Fig. 5.6.  

TH-1585_10610426



108 
 

 

 

 

 
Fig. 5.6:LULC maps of Brahmaputra river basin for the month of January from 2002 to 2012 

 

The yearly changes of each LULC class from 2002 to 2012 for the month of January has also 

been analyzed and are shown in Table 5.2. 

 Table 5.2: Year wise Changes in Brahmaputra basin for different LULC classes from 2002 to 

2012 for the month of January 

Year 
LULC Classes 

BS (%) SWB(%) DV(%) LV(%) SCA(%) 

2002-03 -7.74 0.55 2.87 -5.66 10 

2003-04 0.2 4.2 -5.02 5.34 -4.73 

2004-05 0.66 -1.9 9.96 -9.79 1.07 

2005-06 6.43 -5.43 -4.86 9.74 -5.88 

2006-07 -0.88 -2.22 0.67 0.16 2.27 

2007-08 3.68 0.75 7.05 -8.35 -3.14 

2008-09 

 

-10.1 6.78 -5.45 -3.63 12.42 

2009-10 2.31 -2.35 1.71 5.43 -7.11 

2010-11 2.06 0.76 -9.76 7.13 -0.19 

2011-12 -9.87 3.09 -8.42 4.81 10.38 

 

2002 2003 2004 

2005 2006 2007 

2008 

2011 2012 

2009 2010 
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For bare soil, maximum decrease has been observed during 2008-09 where it decreased by 

10.1% and the maximum increase was during 2005-06 where it increased by 6.43%. Surface 

water bodies increased the most during 2008-09 (6.78%) and decreased the most during 

2005-06 (5.43%). The maximum decrease in dense vegetation has been observed during 

2010-11 (9.76%) and the maximum increase was observed during 2004-05 (9.96%). The 

maximum decrease in light vegetation and snow cover area were during 2004-05 (9.79%) and 

2009-10(7.11%) respectively, while the maximum increases were during 2005-06 (9.74%) 

and 2011-12 (10.38%) respectively. 

By taking the values of area covered by different LULC classes in the years 2002 and 2012, 

the overall change that has taken place in the entire decade for the month of January has been 

analyzed and is represented graphically in Fig. 5.7. The area covered by each LULC class 

along with the percent of total basin area and overall changes occurred in the entire period 

from 2002 to 2012 are given in Table 5.3. 

Table5.3:Area and amount of change in different LULC categories in the Brahmaputra basin 

during 2002 to 2012 for the month of January 

LULC Classes 

Year 
Change 2002-2012 

2002 2012 

Area(km
2
) % Area(km

2
) % Area(km

2
) % 

Bare soil 247127 36.50 157436 23.25 -89691 -13.25 

Surface water bodies 70983 10.48 99613 14.71 28630 4.23 

Dense vegetation 153890 22.73 77715 11.48 -76175 -11.25 

Light vegetation 171176 25.28 206223 30.46 35047 5.18 

Snow cover area 33841 5.00 136030 20.09 102189 15.09 
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Fig. 5.7: LULC change in the Brahmaputra River basin during 2002 to 2012 for January 

While analyzing the LULC changes in the entire period from 2002 to 2012, it is seen that in 

case of Brahmaputra River basin for the month of January, area covered by surface water 

bodies, light vegetation and snow cover area increased and area covered by bare soil and 

dense vegetation decreased. The bare soil has decreased from 247127km
2
 in 2002 to 

157436km
2
 in 2012 which accounts for 13.25%. The surface water body has increased from 

70983 km
2
 in 2002 to 99613 km

2
 in 2012 which accounts for 4.23% of thetotal study area. 

The dense vegetation has decreased from 153890km
2
 in 2002 to 77715km

2 
in 2012 which 

accounts for 10.57 %. Again, light vegetation has increased from 2002 (171176km
2
) to 2012 

(206223km
2
) which accounts for 5.18%. The snow cover area has increased from 33841km

2
 

in 2002 to 102189km
2
 in 2012 with percent increase of 15.09%. Theincreases in snow cover 

area, surface water bodies and light vegetation led to the decrease in the other classes.  

5.3.1.2 Change detection analysis for the month of April 

The area covered by each LULC class from 2002 to 2012 for the month of April has been 

determined and are tabulated in Table 5.4. The percent of total area covered by each class are 

expressed as pie diagrams in Fig. 5.8. 
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Table 5.4: Area covered by different LULC classes in Brahmaputra basin for the month of 

April from 2002 to 2012 

LULC 

Classes 

Year wise area covered ( 10
4
km

2
) 

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 

BS 17.04 18.63 21.18 22.12 19.87 23.56 18.08 21.21 12.70 17.39 14.95 

SWB 9.02 8.15 11.33 9.44 8.12 3.55 12.00 9.31 6.99 11.18 9.93 

DV 16.60 16.14 13.52 15.89 11.95 17.05 14.85 14.17 17.68 16.27 13.95 

LV 13.91 15.06 15.87 12.23 19.43 14.54 13.18 13.62 23.26 15.13 19.63 

SCA 11.13 9.72 5.81 8.03 8.34 9.01 9.60 9.40 7.08 7.74 9.24 

 

The Table 5.4 shows that during this decade, area covered by bare soil, surface water bodies, 

dense vegetation, light vegetation and snow cover area were the maximum in 2007, 2008, 

2010, 2010 and 2002 respectively. The minimum areas of these classes have been found in 

2010, 2007, 2006, 2005 and 2004 respectively. 

 

 

 
Fig. 5.8: Pie diagrams showing percent of total area covered by different LULC classes in the  

Brahmaputra River basin from 2002 to 2012 for the month of April 
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It is observed that the maximum per cent of total area covered by bare soil during the time 

period was in the year  2007 with a value of 34.79% of the total basin area, while the 

minimum was in the year 2010 with a value of 18.76% of the total area. Area covered by 

surface water bodies was the maximum in 2008 (17.72%) and the minimum was observed in 

2007 (5.24%). Percent of total area covered by dense vegetation was the maximum in 2010 

with a value of 26.11% and was the minimum in 2006 with a value of 17.65%. For light 

vagetaion and snow cover area, the maximum were observed in 2010 (34.35%)  and 2002 

(16.43%) respectively while the minimum were observed in 2005 (18.07%) and 2004 

(8.58%) respectively. 

Fig. 5.9 gives the trend analysis of percent of total area of the Brahmaputra basin covered by 

each LULC class from 2002 to 2012 for the month of April. 

 

 

 

 
Fig. 5.9: Trends showing percent of total area covered by different LULC classes for the  

Brahmaputra River basin from 2002 to 2012 for the month of April 

It is clear from the figure that except for light vegettaion and surface water bodies where 

increasing trends are observed, all other LULC classes show decreasing trends from 2002 to 

2012. Deforestation and development of agricultural land due to the increase in population 
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might have led to the  increase in light vegetation  and decrease in bare land and dense 

vegetation. In other words, the decreased bare soil, dense vegetation and snow cover area  

had been covered with light vegetation and surface water bodies. 

The LULC maps for the month of April from 2002 to 2012 are given in Fig. 5.10. 

 

 

 

 
Fig. 5.10: LULC maps of the Brahmaputra River basin for the month of April from 2002 to 

2012 

 

The yearly changes taken place in the Brahmaputra basin for each LULC class from 2002 to 

2012 for the month of April are shown in Table 5.5. 

Table 5.5: Year wise Changes in Brahmaputra basin for different LULC classes from 2002 to 

2012 for the month of April 

Year 
LULC Classes 

BS (%) SWB (%) DV (%) LV (%) SCA (%) 

2002-2003 2.35 -1.28 -0.68 1.70 -2.08 

2003-2004 3.76 4.69 -3.88 1.20 -5.77 

2004-2005 1.39 -2.79 3.51 -5.38 3.28 

2005-2006 -3.33 -1.95 -5.82 10.63 0.46 

2002 2003 2004 

2005 2006 2007 

2008

2 

2009 2010 

2011 2012 
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2006-2007 5.45 -6.75 7.53 -7.22 0.99 

2007-2008 -8.10 12.48 -3.25 -2.01 0.87 

2008-2009 4.63 -3.97 -1.00 0.64 -0.30 

2009-2010 -12.57 -3.43 5.18 14.24 -3.42 

2010-2011 6.92 6.19 -2.08 -12.00 0.97 

2011-2012 -3.61 -1.84 -3.42 6.55 2.22 

 

The maximum increase in bare soil, surface water bodies, dense vegetation, light vegetation 

and snow cover area have been observed during 2010-11, 2007-08, 2006-07, 2009-10 and 

2004-05 with percent increase values of 6.92%, 12.48%, 7.53%, 14.24% and 3.28% 

respectively. The maximum decrease for these classes have been observed in 2009-10, 2006-

07, 2003-04, 2010-11 and 2003-04 where the areas decreased by 12.57%, 6.75%, 3.88%, 

12% and 5.77% respectively. 

The overall changes that have taken place in the decade (from 2002 to 2012) for the month of 

April were analyzed and are represented in Fig. 5.11. The changes are tabulated in Table 5.6. 

 

Table 5.6: Area and amount of change in different LULC categories in the Brahmaputra basin 

during 2002 to 2012 for the month of April 

 

LULC categories 

Year 
Change 2002-2012 

2002 2012 

Area(km
2
) % Area(km

2
) % Area(km

2
) % 

Bare soil 170432 25.17 149473 22.08 -20959 -3.09 

Surface water bodies 90196 13.32 99342 14.67 9145 1.35 

Dense vegetation 165978 24.52 139502 

 
20.61 -26476 -3.91 

Light vegetation 139148 

 
20.55 196314 

 
28.90 57166 8.35 

Snow cover area 111262 16.43 92386 13.65 -18875 -2.79 
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Fig. 5.11: LULC change in the Brahmaputra River basin during 2002 to 2012 for April 

 

For the entire period from 2002 to 2012, it is seen that for the month of April, area covered 

by light vegetation and surface water bodies had increased and area covered by other classes 

had decreased. The bare soil decreased from 170432km
2
 in 2002 to 149473km

2
 in 2012 

which accounts for 3.09%. The surface water body increased from 90196 km
2
 in 2002 to 

99342 km
2
 in 2012 which accounts for 1.35% of thetotal study area. The dense vegetation 

decreased from 165978km
2
 in 2002 to 139502km

2 
in 2012 which accounts for 3.91 %. Again, 

light vegetation increased from 2002 (139148km
2
) to 2012 (196314km

2
) which accounts for 

8.35%.  The snow cover area has decreased from 111262km
2
 in 2002 to 92386km

2
 in 2012 

which accounts for 2.79% of the total area of the basin. The increased light vegetation depicts 

the increase in population in the basin as more land had been used for agricultural purpose.  

5.3.1.3 Change detection analysis for the month of October 

The areas covered by each LULC class from 2002 to 2012 for the month of October are given 

in Table 5.7. The percent of total area covered by each class are expressed as pie diagrams as 

shown in Fig. 5.12. 
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Table 5.7: Area covered by different LULC classes in Brahmaputra basin for the month of 

October from 2002 to 2012 

LULC 

Classes 

Year wise area covered ( 10
4
km

2
) 

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 

BS 16.30 21.81 19.45 18.73 22.68 23.34 23.76 25.64 21.30 22.67 24.77 

SWB 9.15 7.90 8.09 6.44 6.87 3.09 3.46 2.41 5.35 7.27 4.26 

DV 15.07 15.90 16.38 22.72 18.35 17.85 16.47 14.90 12.49 10.62 11.07 

LV 18.54 19.75 17.71 16.91 17.94 21.93 20.59 21.81 25.32 25.49 25.31 

SCA 8.64 2.35 6.07 2.90 1.86 1.50 3.43 2.93 3.24 1.66 2.29 

 

Areas covered by bare soil, surface water bodies, dense vegetation,light vegetation and snow 

were the maximum in 2009, 2002, 2005, 2011 and 2002 respectively while the areas covered 

by these classes were the minimum in 2002, 2009,2011, 2005 and 2007 respectively. 

 

 

 

 
 

Fig. 5.12: Pie diagrams showing percent of total area covered by different LULC classes in 

theBrahmaputra River basin from 2002 to 2012 for the month of October 
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For bare soil, the maximum percent of total area covered has been observed in 2009 with a 

value of 37.88% of the total area and minimum was in the year 2002 with a value of 24.07% 

of the total area of the Brahmaputra basin. Percent of total area covered by surface water 

bodies was the maximum in 2002 (13.52%) and minimum in 2009 (3.56%). Per cent of total 

area covered by dense vegetation was maximum in 2005 with a value of 33.56% and was 

minimum in 2011 with a value of 15.68%. For light vagetaion and snow cover area the 

maximum were in 2011 (37.39%)  and 2002 (12.77%) respectively while the minimum were 

in 2005 (24.98%) and 2007 (2.21%) respectively. 

Fig.5.13 shows the trend analyses for each land use/land cover class during 2002-12. 

 

 

 

 

 
 

Fig. 5.13: Trends showing percent of total area covered by different LULC classes for the 

Brahmaputra River basin from 2002 to 2012 for the month of October 

 

It is observed that for surface water bodies, dense vegetation and snow cover area, the percent 

of total area covered show decreasing trends from 2002 to 2012 while percent of total area 

covered by bare soil and light vegetation show increasing trends during this period.  

The LULC maps for the month of October from 2002 to 2012 are given in Fig. 5.14. 
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Fig. 5.14:LULC maps of the Brahmaputra River basin for the month of October from 2002 to 

2012 

The changes taken place in each year for each LULC class from 2002 to 2012 are given 

below in Table 5.8. 

Table 5.8: Year wise Changes in Brahmaputra basin for different LULC classes from 2002 to 

2012 for the month of October 

Year 
LULC Classes 

BS (%) SWB(%) DV(%) LV(%) SCA(%) 

2002-2003 8.14 -1.85 1.23 1.79 -9.30 

2003-2004 -3.49 0.27 0.72 -3.01 5.50 

2004-2005 -1.05 -2.43 9.36 -1.18 -4.68 

2005-2006 5.83 0.65 -6.47 1.51 -1.53 

2006-2007 0.98 -5.60 -0.74 5.90 -0.54 

2007-2008 0.61 0.55 -2.02 -1.98 2.86 

2008-2009 2.79 -1.55 -2.33 1.81 -0.73 

2009-2010 -6.41 4.35 -3.55 5.18 0.44 

2010-2011 2.01 2.83 -2.77 0.24 -2.33 

2011-2012 3.11 -4.44 0.68 -0.25 0.92 

 

2011 
2012 

2002 2003 2004 

2005 2006 2007 

2011 2012 

2009 2010 2008

2 
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The maximum positive changes for bare soil, surface water bodies, dense vegetation, light 

vegetation and surface water bodies have been observed during 2002-03 (8.15%), 2009-10 

(4.35%), 2004-05 (9.36%), 2009-10 (5.18%) and 2007-08 (2.86%) respectively. The 

maximum negative changes for these classes have been observed during 2009-10 (6.41%), 

2006-07 (5.60%), 2005-06 (6.47%), 2003-04 (3.01%) and 2004-05 (4.68%) respectively. 

The overall changes taken place for the different land use/land cover classes during the entire 

decade from 2002 to 2012 are given in Table 5.9. The graphical representation is shown in 

Fig. 5.15. 

Table 5.9: Area and amount of change in different LULC categories in the Brahmaputra basin 

during 2002 to 2012 for the month of October 

LULC Classes 

Year 
Change 2002-2012 

2002 2012 

Area(km
2
) % Area(km

2
) % Area(km

2
) % 

Bare soil 162987 24.07 247716 36.59 84729 12.52 

Surface water bodies 91515 13.52 42585 6.29 -48930 -7.23 

Dense vegetation 150705 22.26 110747 16.36 -39957 -5.90 

Light vegetation 185379 27.38 253106 37.39 67727 10.01 

Snow cover area 86431 12.77 22862 3.38 -63569 -9.39 

 

 

 

Fig. 5.15: LULC change in the Brahmaputra River basin during 2002 to 2012 for October 
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For the entire period from 2002 to 2012, it is seen that for the month of October, bare soil has 

increased from 162987km
2
 in 2002 to 247716km

2
 in 2012 which accounts for 12.52%. The 

surface water body has decreased from 91515 km
2
 in 2002 to 42585 km

2
 in 2012 which 

accounts for 7.23%. The dense vegetation has decreased from 150705km
2
 in 2002 to 

110747km
2 

in 2012 which accounts for 5.90%. Again, light vegetation has increased from 

2002 (185379km
2
) to 2012 (253106km

2
) which accounts for 10.01%. The snow cover area 

has decreased from 86431km
2
 in 2002 to 22862km

2
 in 2012 which accounts for 9.39%. The 

reason behind decrease in dense vegetation and surface water bodies is basically the increase 

in population and use of more land for agricultural purpose due to which light vegetation 

increased in the basin. 

5.3.2 LULC change detection analysis for Subansiri river basin 

The land use/land cover change detection study has also been done for the Subansiri River 

basin for the three different months of January, April and October. The details of the analysis 

are explained in the following sections. 

5.3.2.1 Change detection analysis for the month of January 

The areas covered by different LULC classes in the Subansiri basin for the month of January 

from 2002 to 2012 are given in Table 5.10. Fig.5.16 shows the pie diagram for percent of 

total area covered by each LULC class 

Table 5.10: Area covered by different LULC classes in Subansiri basin for the month of 

January from 2002 to 2012 

LULC 

Classes 

Year wise area covered ( 10
3
km

2
) 

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 

BS 4.76 5.77 5.71 9.28 9.47 9.47 10.13 6.08 7.41 9.65 7.87 

SWB 1.19 3.29 5.63 0.75 1.57 3.10 2.52 5.55 2.27 0.88 3.72 

DV 19.04 14.22 12.75 12.85 13.07 11.61 11.75 9.03 11.53 11.91 10.62 

LV 7.26 7.52 7.07 8.77 8.22 7.69 8.51 7.71 10.92 9.71 8.28 

SCA 1.99 3.45 3.09 2.59 1.92 2.37 1.34 5.88 2.11 2.10 3.75 

 

Bare soil, surface water bodies, dense vegetation, light vegetation and snow cover area 

covered the maximum areas of the totatl basin area in 2008, 2004,2002, 2010 and 2009 

respectively. However, the areas covered by thses classes were found to be minimum in 

2002, 2005, 2009, 2004 and 2008 respectively. 
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Fig. 5.16: Pie diagrams showing percent of total area covered by different LULC classes in 

the Subansiri River basin from 2002 to 2012 for the month of January 

During 2002 to 2012, the area covered by bare soil was found to be the maximum in the year 

2008 where 29.44% of the total area was covered by bare soil and the minimum was 

observed in the year 2002 with a value of 13.84% of total area. Area covered by surface 

water bodies and dense vegetation were found to be maximum in 2004 (16.36% of total area) 

and 2002(55.37% of total area) respectively. For these two LULC classes, the area covered 

has been observed to be minimum in 2005 (2.19% of total area) and 2009 (26.26% of 

totalarea) respectively. For the remaining two classes i.e. light vegetation and snow cover 

area, the maximum area covered were in 2010(31.76% of total area) and 2009 (17.09% of 

total area) respectively while minimum areas covered by these classes have ben observed in 

2004 (20.55% of total area) and 2008 (3.91% of total area) respectively. 

Fig.5.17 shows the trend analysis for each class from 2002 to 2012. 
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Fig. 5.17: Trends showing percent of total area covered by different LULC classes for the 

Subansiri River basin from 2002 to 2012 for the month of January 

 

It is seen that except for dense vegetation, all other LULC classes show increasing trends in 

the Subansiri basin for the month of January. 

The LULC maps prepared for the Subansiri basin for the month of January from 2002 to 

2012 are given in Fig. 5.18. 

 

 

 

2002 

2005 2006 2007 

2003 2004 
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Fig. 5.18:LULC maps of Subansiri River basin for the month of January from 2002 to 2012  

 

The changes taken place in each year for each of the LULC classes from 2002 to 2012 are 

given below in Table 5.11. 

Table 5.11: Year wise Changes in Subansiri basin for different LULC classes from 2002 to 

2012 for the month of January 

Year 
LULC Classes 

BS (%) SWB (%) DV (%) LV (%) SCA (%) 

2002-2003 2.95 6.10 -14.03 0.75 4.24 

2003-2004 -0.18 6.80 -4.28 -1.30 -1.04 

2004-2005 10.37 -14.16 0.30 4.95 -1.46 

2005-2006 0.58 2.36 0.62 -1.61 -1.95 

2006-2007 -0.02 4.48 -4.23 -1.54 1.32 

2007-2008 1.91 -1.71 0.42 2.37 -2.99 

2008-2009 -11.78 8.82 -7.91 -2.31 13.18 

2009-2010 3.89 -9.55 7.26 9.35 -10.94 

2010-2011 6.50 -4.02 1.10 -3.54 -0.04 

2011-2012 -5.17 8.25 -3.73 -4.15 4.79 

 

The maximum increase in bare soil has been oberved during 2004-05 where bare soil 

increased by 10.37% and the maximum decrease has been observed in 2008-09 where it 

decreased by 11.78%. For surface water bodies, dense vegetation, light vegetation and snow 

cover area, the maximum increase have been observed during 2008-09 (8.82%), 2009-10 

(7.26%), 2009-10 (9.35%) and 2008-09 (13.18%). The maximum decreases for these classes 

were observed during 2004-05 (14.16%), 2008-09 (7.91%), 2011-12 (4.15%) and 2009-10 

(10.94%) respectively. 

2011 2012 

2009 2008 2010 
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The change in land use/lannd cover classes for the entire decade from 2002 to 2012 are 

shown in Table 5.12 and are represented in Fig. 5.19. 

 

Table 5.12: Area and amount of change in different LULC categories in the Subansiri basin 

during 2002 to 2012 for the month of January 

LULC Classes 

Year 
Change 2002-2012 

2002 2012 

Area(km
2
) % Area(km

2
) % Area(km

2
) % 

Bare soil 4759 13.90 7869 22.88 3110 9.05 

Surface water bodies 1190 3.47 3719 10.82 2529 7.36 

Dense vegetation 19044 55.61 10625 30.89 -8419 -24.48 

Light vegetation 7259 21.20 8281 24.08 1022 2.98 

Snow cover area 1993 5.82 3748 10.90 1754 5.10 

 

 

Fig. 5.19: LULC change in the Subansiri River basin during 2002 to 2012 for January 

During the decade from 2002 to 2012, it is observed that in case of Subansiri basin for the 

month of January, bare soil has increased from 4759km
2
 in 2002 to 7869km

2
 in 2012 which 

accounts for 9.05%. The surface water body has increased from 1190 km
2
 in 2002 to 3719 

km
2
 in 2012 which accounts for 7.36% of thetotal study area. The dense vegetation has 

decreased from 19044km
2
 in 2002 to 10625km

2 
in 2012 which accounts for 24.48%. Again, 

light vegetation has increased from 2002 (7259km
2
) to 2012 (8281km

2
) which accounts for 

2.98%.  The snow cover area has increased from 1993km
2
 in 2002 to 3748km

2
 in 2012 which 
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accounts for 5.1% of the total area of the basin. A very significant decrease in dense 

vegetation is observed here as it had been occupied by all other increased classes. 

5.3.2.2 Change detection analysis for the month of April 

The area covered by each LULC class from 2002 to 2012 for Subansiri basin for the month of 

April has been determined and are given in Table 5.13. The percent of total area covered by 

each class are shown as pie diagrams as shown in Fig. 5.20. 

Table 5.13: Area covered by different LULC classes in Subansiri basin for the month of April 

from 2002 to 2012 

LULC 

Classes 

Year wise area covered ( 10
3
km

2
) 

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 

BS 4.17 6.66 6.32 7.30 7.62 6.55 7.88 6.97 6.89 8.48 6.24 

SWB 2.96 2.32 2.58 1.19 2.41 3.00 1.88 3.11 1.60 2.76 2.80 

DV 15.19 14.09 15.53 15.46 12.30 12.23 13.93 12.22 13.00 12.72 11.60 

LV 6.93 7.03 7.17 8.32 8.80 8.77 8.16 9.16 10.25 9.15 9.57 

SCA 4.99 4.15 2.65 1.98 3.11 3.70 2.40 2.78 2.50 1.14 4.03 

 

The maximum areas covered by bare soil, surface water bodies, dense vegetation, light 

vegetation and snow cover area were found in 2011, 2009, 2004, 2010 and 2002 respectively 

and the minimum areas covered by these classes were found in 2002, 2005, 2012, 2002 and 

2011 respectively. 
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Fig. 5.20: Pie diagrams showing percent of total area covered by different LULC classes in 

the Subansiri River basin from 2002 to 2012 for the month of April 

 

For the month of April from 2002 to 2012, the maximum area covered by bare soil, surface 

water bodies, dense vegetation, light vegetation and snow cover area were found in  2011, 

2009, 2004, 2010 and 2002 respectively with values 24.64%, 9.08%, 45.14%, 29.81% and 

14.52% of total area of the basin. During this period, the minimum area covered by bare soil, 

surface water bodies, dense vegetation, light vegetation and snow cover area were observed 

in 2002, 2005, 2012, 2002 and 2011 respectively. The percent of total area covered by these 

classes were found to be 12.13%, 3.47%, 33.74%, 20.14% and 3.31% respectively. 

While analyzing the trends for the area covered by the different classes, it is clear from Fig. 

5.21 that bare soil, surface water bodies and light vegetation show increasing trends and 

dense vegetation and snow cover area show decreasing trends. Deforestation might have led 

to increase in light vegetation and bare soil. Possible accumulation of snowmelt water in 

depressions, may be the reason of increase in surface water bodies. 
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Fig.  5.21: Trends showing percent of total area covered by different LULC classes for the 

Subansiri River basin from 2002 to 2012 for the month of April 

 

The LULC maps of the Subansiri basin prepared by the supervised classification method for 

the monthe of April are shown in Fig. 2.22 from the year 2002 to 2012. 

 

 

 

 

Fig.5.22:LULC maps of Subansiri River basin for the month of April from 2002 to 2012 

The year wise changes for each LULC class from 2002 to 2012 are given in Table 5.14. 

 

 

 

2005 2006 2007 
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Table 5.14: Year wise Changes in Subansiri basin for different LULC classes from 2002 to 

2012 for the month of April 

Year 
LULC Classes 

BS(%) SWB(%) DV(%) LV(%) SCA(%) 

2002-2003 7.23 -1.88 -3.21 0.31 -2.46 

2003-2004 -0.99 0.78 4.19 0.38 -4.37 

2004-2005 2.85 -4.04 -0.21 3.35 -1.95 

2005-2006 0.92 3.53 -9.17 1.41 3.30 

2006-2007 -3.12 1.72 -0.20 -0.11 1.71 

2007-2008 3.88 -3.27 4.94 -1.78 -3.78 

2008-2009 -2.65 3.60 -4.99 2.93 1.12 

2009-2010 -0.22 -4.40 2.28 3.17 -0.82 

2010-2011 4.61 3.37 -0.81 -3.21 -3.96 

2011-2012 -6.50 0.12 -3.25 1.22 8.41 

 

It is observed from the table that the maximum increase in bare soil, surface water bodies, 

dense vegetation, light vegetation and snow cover area had occurred during 2002-03 (7.23%), 

2008-09 (3.60%), 2007-08 4.94%), 2004-05 (3.35%) and 2011-12 (8.41%) respectively. The 

maximum decrease for these classes have been observed during 2011-12 (6.50%), 2009-10 

(4.40%), 2005-06 (9.17%), 2010-11 (3.21%) and 2003-04 (4.37%) respectively. 

By taking the values of the two years i.e. 2002 and 2012, the overall changes that have taken 

place during the entire decade have been analyzed and the results are given in Table 5.15. 

The results are represented graphically in Fig. 5.23. 

Table 5.15: Area and amount of change in different LULC categories in the Subansiri basin 

during 2002 to 2012 for the month of April 

LULC Classes 

Year 
Change 2002-2012 

2002 2012 

Area(km
2
) % Area(km

2
) % Area(km

2
) % 

Bare soil 4173 12.19 6242 18.23 2068 6.04 

Surface water bodies 2963 8.65 2799 8.17 -164 -0.48 

Dense vegetation 15188 44.35 11605 33.89 -3583 -10.46 

Light vegetation 6928 20.23 9568 27.94 1107 7.71 

Snow cover area 4993 14.58 4031 11.77 -962 -2.81 
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Fig. 5.23: LULC change in the Subansiri River basin during 2002 to 2012 for April 

 

During the entire period from 2002 to 2012, for the month of April, bare soil has increased 

from 4173km
2
 in 2002 to 6242km

2
 in 2012 which accounts for 6.04%. The surface water 

body has decreased from 2963 km
2
 in 2002 to 2799 km

2
 in 2012 which accounts for 0.48% of 

thetotal study area. The dense vegetation has decreased from 15188km
2
 in 2002 to 11605 km

2 

in 2012 which accounts for 10.46%. Again, light vegetation has increased from 2002 (6928 

km
2
) to 2012 (9568 km

2
) which accounts for 7.71%.  The snow cover area has decreased 

from 4993km
2
 in 2002 to 4031km

2
 in 2012 which accounts for 2.81% of the total area of the 

basin. Thus, during this period, for the month of April, the maximum decrease has been 

observed in dense vegetation and the maximum increase has been observed in light 

vegetation.  

5.3.2.3 Change detection analysis for the month of October 

The areas covered by different land use/land cover types of Subansiri basin for the month of 

October are given in the Table 5.16. The pie diagrams for percent of total area covered by 

each class are shown in Fig. 5.24. 

 

 

 

 

TH-1585_10610426



130 
 

Table 5.16: Area covered by different LULC classes in Subansiri basin for the month of 

October from 2002 to 2012 

 

LULC 

Classes 

Year wise area covered ( 10
3
km

2
) 

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 

BS 5.81 8.77 7.38 5.30 8.97 8.13 9.31 9.46 6.35 8.95 9.05 

SWB 3.20 4.07 3.72 3.65 2.01 2.30 1.34 1.89 1.54 2.02 2.40 

DV 17.15 13.00 12.07 15.21 14.67 14.39 14.66 13.32 14.96 12.33 12.67 

LV 6.57 7.51 7.25 8.93 7.77 8.32 7.93 8.69 9.60 10.21 9.07 

SCA 1.50 0.90 3.82 1.16 0.83 1.11 1.01 0.90 1.80 0.74 1.05 

 

For the month of October during 2002 to 2012, the maximum areas covered by bare soil, 

surface water bodies, dense vegetation, light vegetation and snow cover area have been 

observed in 2009, 2003, 2002, 2011 and 2004 respectively. The minimum areas covered by 

theses classes were in 2005, 2008, 2004, 2002 and 2011 respectively. 

 

 

 

Fig. 5.24: Pie diagrams showing percent of total area covered by different LULC classes in 

the Subansiri River basin from 2002 to 2012 for the month of October 
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For the month of October, the area covered by bare soil was found to be the maximum in the 

year 2009 where 27.49% of the total area was covered by bare soil and the minimum was 

observed in the year 2005 with a value of 15.40% of total area. Area covered by surface 

water bodies and dense vegetation were found to be maximum in 2003 (11.85% of total area) 

and 2002 (49.87% of total area) respectively. For these two LULC classes, the area covered 

has been observed to be minimum in 2008 (3.89% of total area) and 2004 (35.25%) 

respectively. For the remaining two classes i.e. light vegetation and snow cover area, the 

maximum area covered were in 2011 (29.68% of total area) and 2004 (11.11% of total area) 

respectively while minimum areas covered by these classes have ben observed in 2002 

(19.11% of total area) and 2011 (2.15% of total area) respectively.  

 

The trend analyses for different classes for the month of October are shown in Fig.5.25. 
 

 

 

 

Fig. 5.25: Trends showing percent of total area covered by different LULC classes for the 

Subansiri River basin from 2002 to 2012 for the month of October 

 

From Fig. 5.25, the area covered by dense vegetation, surface water bodie and snow cover 

area show decreasing trends while other three classes show increasing trends from 2002 to 
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2012. Increase in light vegetation may be the reason behind decrease in dense vegetation and 

increase in bare soil.  

The land use/land cover maps of the Subansiri basin for the month of October from 2002 to 

2012 are shown in Fig. 5.26. 

 

 

 

 

 

Fig.5.26:LULC maps of Subansiri River basin for the month of October from 2002 to 2012 

The yearly changes taken place for each of the LULC classes from 2002 to 2012 are given in 

Table 5.17. 
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Table 5.17: Year wise Changes in Subansiri basin for different LULC classes from 2002 to 

2012 for the month of October 

Year 
LULC Classes 

BS(%) SWB (%) DV (%) LV (%) SCA (%) 

2002-2003 8.58 2.53 -12.08 2.72 -1.75 

2003-2004 -4.02 -1.04 -2.70 -0.74 8.50 

2004-2005 -6.06 -0.20 9.12 4.89 -7.75 

2005-2006 10.68 -4.76 -1.57 -3.40 -0.95 

2006-2007 -2.46 0.83 -0.81 1.61 0.82 

2007-2008 3.45 -2.79 0.77 -1.13 -0.30 

2008-2009 0.42 1.60 -3.89 2.20 -0.33 

2009-2010 -9.02 -1.02 4.77 2.64 2.64 

2010-2011 7.54 1.41 -7.64 1.78 -3.10 

2011-2012 0.30 1.08 1.00 -3.30 0.92 

 

For bare soil, the maximum increase and decrease have been observed during 2005-06 and 

2009-10 with percent increase and decrease values of 10.68% and 9.02% respectively. With 

percent increase and decrease values of 2.53% and 4.76%, the surface water bodies had the 

maximum increase and decrease during 2002-03 and 2005-06 respectively. For dense 

vegetation, light vegetation and surface water bodies, the maximum increases have been 

observed during 2004-05 (9.12%), 2004-05 (4.89%) and 2003-04 (8.50%). However, for 

these three classes the maximum decreases have been observed during 2002-03 (12.08%), 

2005-06 (3.40%) and 2004-05 (7.75%) respectively. 

The overall changes for each class from 2002 to 2012 have been analyzed and the results are 

given below in table 5.18. Fig.5.27 is the graphical representation of the changes for the 

entire decade. 

Table 5.18: Area and amount of change in different LULC categories in the Subansiri basin 

during 2002 to 2012 for the month of October 

LULC categories 

Year 
Change 2002-2012 

2002 2012 

Area(km
2
) % Area(km

2
) % Area(km

2
) % 

Bare soil 5814 16.98 9049 26.42 3235 9.45 

Surface water bodies 3204 9.36 2396 7.00 -808 -2.36 

Dense vegetation 17154 50.09 12673 37.00 -4481 -13.09 

Light vegetation 6572 19.19 9074 26.50 2502 7.31 

Snow cover area 1501 4.38 1054 3.08 -447 -1.30 
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Fig. 5.27: LULC change in the Subansiri River basin during 2002 to 2012 for October 

 

For the month of October, during the period from 2002 to 2012, bare soil has increased from 

5814km
2
 in 2002 to 9049km

2
 in 2012 which accounts for 9.44%. The surface water body has 

decreased from 3204 km
2
 in 2002 to 2396 km

2
 in 2012 which accounts for 2.36% of thetotal 

study area. The dense vegetation has decreased from 17154km
2
 in 2002 to 12673km

2 
in 2012 

which accounts for 13.09%. Light vegetation has increased from 2002 (6572km
2
) to 2012 

(9074 km
2
) which accounts for 7.31%.  The snow cover area has decreased from 1501km

2
 in 

2002 to 1054km
2
 in 2012 which accounts for 1.31% of the total area of the basin. The 

maximum decrease has been observed for dense vegetation while the maximum increase has 

been observed forbare soil. 

5.3.3 General Analysis 

The above land use/land cover change detection study for both the Brahmaputra and the 

Subansiri River basins for the three different months, January, April and October reveal that 

bothpositive and negative changes occurred in the land use/land cover pattern of both the 

river basins during the time period from 2002 to 2012. However, from the current study it 

isevident that there is considerable decrease in the area covered by dense vegetationduring 

the period of study for the basins. Light vegetation is showing increasing trends in both 

basins and thereby resulting to the inference that the population is playing an active 

roletowards diminishing dense vegetation cover. In Brahmaputra basin, bare soil is 

decreasing in January and April and increasing in October. The expansion in light vegetation 

can be attributed to the increasing demand to feed the growing population as well as to the 
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increasing demand for residential place. In other words, the area covered by dense vegetation 

is declining due to its conversion to arable land. The reason behind decrease in area covered 

by surface water bodies may be encroachment of slum dwellers and land developers. Except 

for the month of January, for the other two months i.e. April and October, the snow cover 

area showed decreasing trends from 2002 to 2012. This may be attributed to the fact of 

increasing temperature which is the consequence of climate change. As described in chapter 3 

& 4, the temperature data of HadCM3 GCM showed that in both Brahmaputra and Subansiri 

basins, temperature is gradually increasing. The rise in temperature in turn leads to the 

melting of snow. The snowmelt water when accumulates in the depressions, the area covered 

by surface water bodies get increased in January and April in Brahmaputra basin.  

5.4 Conclusions 

Here in this study, the land use/land cover change detections have been analyzed for both the 

Brahmaputra and the Subansiri River basins. Five LULC classes viz., bare soil, dense 

vegetation, light vegetation, surface water bodies and snow cover area have been considered 

for the analysis. It can be concluded that satellite remote sensing data plays an important role 

in understanding the nature of changes in LULC for a region in a particular period of time. 

Such information in turn is helpful for developing and preserving the natural resources and 

environment. Satellite remote sensing is a cost effective approach which gives the necessary 

information accurately. The study conducted here in the Brahmaputra and the Subansiri 

basins advocates thatmulti temporal satellite imagery plays a vital role in quantifyingspatial 

and temporal phenomena which is otherwise notpossible to attempt through conventional 

mapping. 

For all the three months, overall decrease in dense vegetation and increase in light vegetation 

have been observed in both the basins. This can be attributed to the fact that increasing 

population is putting pressure on the land use/land cover of the basins. Also decrease in snow 

cover area in the basins attributed to the increase in temperature due to global warming. It is 

expected that the findings of this study will be useful for planners and local bodies to 

implement suitable land use plans in the watershed, thereby enabling the restoration of 

degraded land to the maximum possible extent. 
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CHAPTER 6  

PREDICTIONOF RAINFALL OVER THE SUBANSIRI RIVER 

BASIN USING STATISTICAL DOWNSCALING 

TECHNIQUES 

 

6.1 Introduction 

6.1.1 General Circulation Models and their downscaling 

Climate models are the primary tool to evaluate the projected future response of the 

atmosphere-land-ocean system to changing atmospheric composition (MacCracken et al., 

2003; Stocker et al., 2001), and they underpin most climate change impacts studies (Wilby 

and Harris, 2006). However, there is a mismatch between the grid resolution of current 

climate models (generally hundreds of kilometers), and the resolution needed by 

environmental impacts models (typically ten kilometers or less). Downscaling is the process 

of transforming information from climate models at coarse resolutions to a fine spatial 

resolution. Downscaling is necessary, as the underlying processes described by the 

environmental impact models are very sensitive to the nuances of local climate, and the 

drivers of local climate variations, such as topography, are not captured at coarse scales 

(Maurer and Hidalgo,2008). As explained in the Review of literature chapter, there are two 

main methods of downscaling. These are dynamic downscaling and Statistical downscaling. 

Compared to statistical downscaling method, dynamic downscaling is computationally more 

intensive, making its use in impact studies limited, and essentially impossible for multi-

decade simulations with different global climate models and/or multiple greenhouse gas 

emission scenarios. Thus, the most impacts studies rely on some form of statistical 

downscaling, where variables of interest can be downscaled using historical observations. 

Statistical downscaling involves deriving empirical relationships that transform large-scale 

features of the GCM (predictor) to regional-scale variables (predictand) such as precipitation, 

temperature and streamflow. Statistical downscaling is typically used to predict one variable 

at one site, though some techniques for simultaneous downscaling to multiple sites for 

precipitation have been developed (Harpham and Wilby, 2005; Wilks, 1999). However, for 

studies of some climate impacts such as river basin hydrology, it is important to downscale 

simultaneous values of multiple variables (such as precipitation and temperature) over large, 

TH-1585_10610426



138 
 

heterogeneous areas, while maintaining physically plausible spatial and temporal 

relationships, though few downscaling techniques have been developed to do this. Statistical 

downscaling models are based on statistical relationship and hence require less computational 

time. Regression method is one of the most widely used statistical techniques (Driver and 

Tasker, 1990; Saget, 1994; Mendelhall and Beaver, 1994). Multiple regression analysis is a 

multivariate statistical technique used to examine the relationship between a single dependent 

variable and a set of independent variables. The objective of the multiple regression analysis 

is to use independent variables whose values are known to predict the single dependent 

variable.  

Another technique of downscaling which has gained wide recognition owing to its ability to 

capture non-linear relationships between predictor and predictand is the Artificial Neural 

Network (ANN) based downscaling techniques (Wilby et al., 1998; Sailor et al., 2000; 

Schoof and Pryor, 2001; Olsson et al., 2004.) The neural network is one of the tools used for 

methodological analysis of hydrological forecasting. It can be thought of as a computational 

pattern that involves searching and matching procedures, which permits forecasting without 

an intimate knowledge of the physical process. The neural network seeks the relationship 

between input and output data and then creates its own equations to match the pattern in an 

iterative manner. 

The vulnerability of Indian subcontinent to the impact of changing climate is of vital 

importance because the major impact of climate change in this continent would be on the 

hydrology, affecting water resources and agricultural economy. The impact of climate change 

on hydrological cycle in river basins have been extensively analyzed in various parts of the 

world based on different emission scenarios and climate models. Devastating flood associated 

with intense rainfall in the upper catchments of the Subansiri River basin is a common 

phenomenon. In the present study, all the three techniques of downscaling i.e. both multiple 

linear and non linear based statistical downscaling techniques as well as Artificial Neural 

Network based downscaling technique have been applied to downscale the rainfall in 

Subansiri basin at 24 different APHRODITE’s rainfall points by taking HadCM3 GCM 

climatic parameters as the predictors. The outcomes of these methods were compared to get 

the best method of downscaling. The best downscaling method was then used for prediction 

of rainfall and to determine its effect on future hydrology of the basin. 
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6.2 Materials and Methods 

6.2.1 Data and software used 

Rainfall data: APHRODITE’s daily gridded rainfall data of spatial resolution 0.25˚ x 0.25˚ 

from 1960 to 2007 have been used in this study. These daily rainfall data have then been 

converted into monthly rainfall for further analysis.  

In recent years, there has been considerable interest in developing high resolution gridded 

data sets (New et al., 1999, Mitra et al., 2003, Rajeevan et al., 2006). The word APHRODITE 

stands for Asian Precipitation Highly Resolved Observational Data Integration towards 

Evaluation of Water Resources (APHRODITE’s Water Resources). The APHRODITE’s 

project develops state-of-the-art daily precipitation datasets with high resolution (0.5˚ and 

0.25˚) grids for Asia. APHRODITE’s Water Resources project is executed by the research 

Institute for Humanity and Nature (RIHN) and the Meteorological Research Institute of Japan 

Meteorological Agency (MRI/JMA). The basic algorithm adopted by them is based on Xie et 

al., (2007). Details of the project and the data set are discussed in Yatagai et al., (2005). The 

datasets are created primarily with data obtained from in-situ-rain-gauge-observation 

network. Long-term high resolution daily precipitation data are useful for evaluating 

mesoscale models, driving river flow models and analyzing temporal and spatial variations of 

precipitation fields. In addition, gridded data make model evaluation and water budget 

analysis easier, when compared with point observation data (Kamiguchi et. al., 2010). The 

primary objective of the APHRODITE’s project are to (1) release official state-of-the-art 

daily gridded precipitation data sets based on rain-gauge observations, (2) assess the 

projections of climate models by observing precipitation in the field, including extreme 

events and (3) to make suggestions to regional water resources managers in Asian countries. 

In order to carry out spatial analysis, 24 APHRODITE’s points were selected for the 

Subansiri River Basin (Fig.6.1). The coordinates of these 24 points are given in Table 6.1. 

        Table6.1: Geographical coordinates of the 24 APHRODITE’s points 

APHRODITE 

Points 
Coordinates APHRODITE 

Points 
Coordinates 

1 91.875˚E, 28.625˚N 13 93.375˚E, 27.375˚N 

2 92.125˚E, 28.375˚N 14 93.375˚E, 27.875˚N 

3 94.125˚E, 27.625˚N 15 93.625˚E, 27.625˚N 

4 92.375˚E,  27.875˚N 16 93.875˚E, 28.375˚N 

5 92.375˚E, 28.125˚N 17 94.125˚E, 28.125˚N 
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6 94.375˚E, 27.375˚N 18 94.375˚E, 28.125˚N 

7 93.875˚E, 27.875˚N 19 94.625˚E, 27.625˚N 

8 92.375˚E, 28.875˚N 20 94.875˚E, 27.875˚N 

9 92.625˚E, 28.625˚N 21 92.625˚E, 28.375˚N 

10 92.875˚E, 28.625˚N 22 93.125˚E, 28.125˚N 

11 93.125˚E, 27.875˚N 23 93.375˚E, 28.375˚N 

12 93.125˚E, 28.625˚N 24 93.625˚E, 28.125˚N 

 

 

Fig.6.1: Map showing the APHRODITE’s points over the Subansiri basin taken for the study 

 

GCM parameters: Monthly climate parameters of HadCM3 GCM of A2 scenario available at 

a spatial resolution of 2.5˚ x 3.75˚ (latitude by longitude) have been used as the predictors. 

The GCM data were downloaded from Intergovernmental Panel on Climate Change in two 

different assessments: fourth Assessment Report (AR4) and Third Assessment Report (AR3). 

Due to less availability of past data in AR4, HadCM3 model parameters were also 

downloaded from AR3. The time period of fourth Assessment is from 2001 to 2100 and the 

third assessment is 1890-2099. The raw data were downloaded from the website of IPCC 

Data Distribution Centre (http://www.ipcc-data.org/ar4/gcm_data.html). There is only one 

HadCM3 GCM point that falls inside the study area. Hence, three other HadCM3 points have 

also been selected that fall around the Subansiri Basin. The geographic coordinates of the 

GCM points are as given in Table 4.2 of chapter 4. The climatic parameters taken in this 
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study are, downward short-wave flux(dswf), near surface relative humidity (hurs), 

geopotential height at 200 hPa(zg200), geopotential height at 500 hPa (zg500), maximum 

temperature at near surface, minimum temperature at near surface, air temperature at 500 hPa 

(ta500), air pressure at sea level (mslp), soil moisture, precipitation rate, wind speed height 

above ground and relative humidity at 850 hPa (hur850). 

The XLSTAT2014 has been used for the regression analysis. XLSTAT is a data analysis and 

statistical solution for Microsoft Excel. The XLSTAT statistical analysis add-in offers a wide 

variety of functions to enhance the analytical capabilities of Excel. XLSTAT relies on Excel 

for the input of data and the display of results, but the computations are done using 

autonomous software components. The use of Excel as an interface makes XLSTAT a user-

friendly and highly efficient statistical and multivariate data analysis package. The ANN 

toolbox available in MATLAB is used to develop the ANN model. 

6.2.2 Downscaling of Rainfall  

Both multiple linear and non-linear based statistical downscaling methods have been applied 

to downscale the rainfall at 24 different APHRODITE’s points.  

In a regression analysis the relationship is studied, called the regression function, between 

one variable called the dependent variable, and several others, called the independent 

variables. If a regression function is linear in the parameters it is termed a linear regression 

model. Otherwise, the model is called non-linear. Regression models with more than one 

independent variable are referred to as multiple regression models, as opposed to simple 

regression models with one independent variable. 

In Multiple Regression Analysis the basic steps are four namely, 

 Specification: Here selection of predictor and model are done.  

 Calibration: This is used to form a relation between the output and input.  

 Validation: This is used to find the accuracy of the model.  

 Forecasts: This uses the model from validation to predict the future variations. 

6.2.2.1 Selection of Predictors 

The predictor selection has been done using Pearson Correlation method. This method shows 

the linear relationship between two sets of data. The correlation coefficient ranges from –1, a 

perfect negative relationship, through zero (no relationship), to +1, a perfect positive 

relationship. The correlation coefficients between rainfall and climatic parameters have been 
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determined at all the 24 APHRODITE’s points separately using two approaches,(i) by taking 

the GCM point 93.75˚E, 27.5˚N which falls inside the study area and (ii) by taking weighted 

average of all the four GCM points. The weighted average has been determined by inverse 

distance method. Table 6.2 shows the distance in km from the rainfall points to each GCM 

point and Table 6.3 gives the weights calculated for each GCM point and APHRODITE’s  

point. 

Table 6.2: Distance in km from rainfall points to the GCM points 

Sl. No. Rainfall points 

HadCM3 GCM points 

90°E,            

30°N 

90°E,                    

27.5°N 

93.75°E,                      

27.5°N 

93.75°E,      

30°N 

1 91.875°E; 28.625°N 238.41 221.49 222.69 238.99 

2 92.125°E; 28.375°N 275.62 228.68 187.59 243.29 

3 94.125˚E, 27.625˚N 484.14 409.19 40.03 266.76 

4 92.375°E; 27.875°N 331.12 237.85 141.62 270.54 

5 92.375°E; 28.125°N 312.24 243.53 151.04 247.42 

6 94.375˚E, 27.375˚N 518.00 432.98 63.62 296.63 

7 93.875°E; 27.875°N 448.76 388.69 44.55 237.09 

8 92.375°E; 28.875°N 261.74 277.41 201.91 184.03 

9 92.625°E; 28.625°N 297.31 284.72 165.58 189.75 

10 92.875°E; 28.625°N 317.52 308.71 151.35 173.17 

11 93.125°E; 27.875°N 386.24 310.00 74.30 247.39 

12 93.125°E; 28.625°N 340.42 330.19 139.43 167.71 

13 93.375°E; 27.375°N 440.75 334.45 40.18 297.54 

14 93.375°E; 27.875°N 404.47 333.26 54.50 239.39 

15 93.625°E; 27.625°N 440.98 356.64 18.76 265.72 

16 93.875°E; 28.375°N 417.92 392.11 97.21 180.57 

17 94.125°E; 28.125°N 453.11 411.59 78.78 209.66 

18 94.375°E; 28.125°N 473.19 434.97 91.03 217.91 

19 94.625°E; 27.625°N 521.07 455.67 87.34 279.88 

20 94.875°E; 27.875°N 527.93 481.56 119.43 258.39 

21 92.625°E; 28.375°N 331.18 298.24 129.35 198.70 

22 93.125°E; 28.125°N 368.53 313.47 93.95 220.36 

23 93.375°E; 28.375°N 374.25 344.56 103.03 183.49 

24 93.625°E; 28.125°N 408.26 362.51 72.72 202.63 
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Table 6.3: Weights calculated for APHRODITE and GCM points 

Sl. No. Rainfall Points 

HadCM3 GCM points 

90˚E,      

27.5˚N 

90˚E,    

30˚N 

93.75˚E, 

27.5˚N 

93.75˚E, 

30˚N 

1 91.875˚; 28.625˚ 0.24 0.26 0.26 0.24 

2 92.125˚; 28.375˚ 0.21 0.25 0.31 0.24 

3 94.125˚; 27.625˚ 0.06 0.07 0.75 0.11 

4 92.375˚; 27.875˚ 0.17 0.23 0.39 0.21 

5 92.375˚; 28.125˚ 0.18 0.23 0.37 0.22 

6 94.375˚; 27.375˚ 0.08 0.10 0.67 0.14 

7 93.875˚; 27.875˚ 0.07 0.08 0.71 0.13 

8 92.375˚; 28.875˚ 0.21 0.20 0.28 0.31 

9 92.625˚; 28.625˚ 0.18 0.19 0.33 0.29 

10 92.875˚; 28.625˚ 0.17 0.17 0.35 0.31 

11 93.125˚; 27.875˚ 0.11 0.14 0.58 0.17 

12 93.125˚; 28.625˚ 0.15 0.16 0.38 0.31 

13 93.375˚; 27.375˚ 0.07 0.09 0.74 0.10 

14 93.375˚; 27.875˚ 0.09 0.11 0.66 0.15 

15 93.625˚; 27.625˚ 0.04 0.05 0.86 0.06 

16 93.875˚; 28.375˚ 0.12 0.12 0.50 0.27 

17 94.125˚; 28.125˚ 0.10 0.11 0.57 0.22 

18 94.375˚; 28.125˚ 0.11 0.12 0.55 0.23 

19 94.625˚; 27.625˚ 0.10 0.11 0.60 0.19 

20 94.875˚; 27.875˚ 0.12 0.13 0.52 0.24 

21 93.125˚;  28.125˚ 0.13 0.15 0.50 0.22 

22 93.375˚; 28.375˚ 0.13 0.14 0.47 0.26 

23 92.625˚; 28.375˚ 0.16 0.18 0.40 0.26 

24 93.625˚; 28.125˚ 0.10 0.12 0.58 0.21 

 

6.2.2.2 Model calibration and validation for regression analysis 

Calibration is a process of estimation of model parameters using known input and output 

information.  Generally, a model is calibrated by minimizing the error between calculated and 

measured values of output. The most popular error function is least squared error. The use of 

a least squared errors approach infers constancy of error variance for all observations. Good 

match of calibration data does not guarantee that future predictions will be good. To increase 

confidence in prediction ability of a model, validation is performed. The validation is 
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concerned with determining whether the conceptual simulation model is an accurate 

representation of the system under study (Law and Kelton, 1991). To carry out calibration 

and validation properly, large datasets are required. In this study, the available data from 

1960 to 2007 have been split into two parts i.e.  data from 1960 to 1985 have been chosen for 

calibration and data from 1986 to 2007 have been chosen for the validation. The precipitation 

models have been developed for all the 24 APHRODITE’s points and have been run for both 

the conditions i.e. 

i) For one GCM that falls inside the study region and 

ii) By taking the weighted average of all the four points. 

6.2.2.3 Multiple Linear Regression Model 

The objective of the multiple regression analysis is to use independent variables whose values 

are known to predict the single dependent variable. The effect of independent variables on 

the response can be expressed mathematically as: 

                                       (                     )                                                     (6.1) 

where, Y is the dependent variable i.e. the precipitation,           are the regression 

parameters which are unknown and            are the predictors. In this case the predictors 

are the HadCM3 GCM climatic parameters selected by Pearson Correlation method as shown 

in Table 6.5. 

The regression model for the observed response variable can be written as: 

                                           (                     )                                    (6.2) 

where   is the error in observed value z. 

To determine the unknown regression parameters, least squares method has been applied: 

        (          )   ∑ (     )
  

    ∑      (                     ) 
  

        (6.3)     

where  (          ) is the error function or sum of squares of the deviations. The primary 

goal is to determine the best set of parameters, such that the model predicts experimental 

values of the dependent variable as accurately as possible. 

6.2.2.4 Multiple Non-linear Regression Model  

The linear least squares method fits a straight line or an affine hyperplane to a bunch of data 

points.  Sometimes the true relationships that are required to model may not be linear. For 

fitting a non-linear function, there is need to use non-linear regression method. Non-linear 

regression is a form of regression analysis in which observational data are modeled by a 

function which is a non-linear combination of the model parameters and depends on one or 

TH-1585_10610426

http://en.wikipedia.org/wiki/Regression_analysis


145 
 

more independent variables. Orthogonal polynomial non-linear regression model has been 

applied in this study with maximum polynomial degree in one variable as 3.  

The equation for the non-linear regression developed in XLSTAT is as follows: 

                         
      

    

      
      

      
        

                                                                         (6.4)                                                                                                                                                                                                     

where y is the dependent variable i.e. the precipitation, α, p1, p2,…pn, q1,q2,…,qn,r1,r2,…,rn 

are the model parameters and x1,x2,…,xn are the predictors i.e. the HadCM3 GCM climatic 

parameters. 

6.2.2.5Downscaling using Artificial Neural Network 

An Artificial neural network (ANN) is a massive parallel distributed information processing 

system that has certain performance characteristics resembling a biological neural network of 

the human brain. Typically, a neural network is characterized by its architecture that 

represents the pattern of connection between neurons, the method of determining the 

connections weights and the activation function used in a neuron. Fig. 6.2 shows the ANN 

with its functions. The ANN is an established technique with a flexible mathematical 

structure (Vu et. al., 2015).  Over the years, the ANN based transfer functions have been used 

for downscaling large scale climatic variables (Fistikoglu and Okkan, 2011). 

 

 

 

 

 

 

 

 

 
 

Fig.6.2: Artificial neuron showing its functions 
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The ANN forecasting has been followed in three separate stages. These are training phase, 

validation, and testing phase. In the training phase, the output is linked to as many of input 

nodes as desired and a pattern is defined. The network is adjusted according to this error. The 

validation dataset is used to ensure that the model was not over trained. In the testing phase, 

the model is tested using the dataset that was not used in the training.The most useful neural 

network in function approximation is multilayer perception (MLP) (Sharda and Patil, 1990). 

It consists of an input layer, hidden layer(s) and an output layer. This type of neural network 

is known as a supervised network as it requires the desired output in order to learn. The goal 

of this type of network is to create a model that correctly maps the input to the output using 

historical data so that the model then can be used to produce the output when the desired 

output is unknown. The inputs are fed into the input layer and get multiplied by the 

interconnection weights as they are passed from the input layer to the hidden layer. Within 

the hidden layer, they get summed then processed by a non linear function. Finally the data 

are multiplied by interconnection weights then processed one last time within the output layer 

to produce the neural network output. To perform any task, a set of experiments of an input 

output mapping is needed to train the neural network. These data are one of the most 

important factors to obtain reliable results from any trained ANN. Thus, the training sample 

data have to be fairly large to contain all the required information and must include a wide 

variety of data. During the training phase, the weights and biases of the network are 

optimized using an optimization algorithm. The most popular algorithm is the error back-

propagation (BP) neural network (BPNN) model. It uses a gradient based optimization 

method to minimize the network error function. In fact, the name back propagation comes 

from the error term, which is propagated back through the network during learning and used 

to change the weights of the equation. The weights are changed using the following equation. 

                                        (      
⁄ )       (   )                                      (6.5) 

In this equation, η and m are known as learning rate and momentum coefficient respectively. 

While downscaling rainfall by ANN model, in this study, a multilayer perception neural 

network (MLP) with Back Propagation (BP) training algorithm is implemented. Back 

Propagation networks are the most widely used ANN models. Models with more number of 

neurons take more time for training. Also, very high number of neurons does not help in 

generalization of the model. Hence, the optimum number of neurons at which network 

performs at its best has to be determined. Selection of optimum number of neurons is 

essential part of ANN model development. In general, trial and error method has been applied 
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for achieving the same. In the case of present study, the number of neurons that performed 

the best were found to be 20. When the input variables are selected according to the best 

correlation, they are used as input parameters. Thus, input parameters vary from 8 to 10. The 

number of hidden layers is one. The transfer function used in the hidden layer is tan-sigmoid 

transfer function (tansig) and that used in the output layer is linear transfer function (purelin). 

The ANN structure developed during downscaling is shown in Fig. 6.3. 

 

Fig. 6.3: ANN structure for downscaling of rainfall 

Using the values of observed and simulated rainfall, the Mean Square Error (MSE), Mean 

Absolute Error (MAE), Root Mean Square Error (RMSE) and Coefficient of determination 

(R
2
) were determined for both the regression analyses and the Artificial Neural Network 

method at each of the 24 APHRODITE’s rainfall points and were compared to get the best 

method of downscaling. 

6.2.3 Prediction of Rainfall 

The best downscaling method has been used to predict the future monthly rainfall at all the 24 

APHRODITE’s points from 2020 up to the year 2099. For this, the entire period from 2020 to 

2099 has been divided into four different time steps viz., 2020 to 2039, 2040 to 2059, 2060 to 

2079 and 2080 to 2099. The monthly rainfall has then been predicted for these four time steps 

by taking 1960 to 2007 as the base period for which historical rainfall data are available. 

6.3 Results and Discussions 

6.3.1 Determination of correlation coefficient and selection of predictors 

In the present study, the techniques applied for modeling and forecasting the monthly rainfall 

of Subansiri catchment area are, both linear and non-linear regression based statistical 

downscaling techniques and downscaling by Artificial Neural Network technique. The 

HadCM3 GCM climatic parameters have been used as the predictors and the appropriate  
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predictors have been selected by Pearson correlation method for all the 24 APHRODITE’s 

points. Table 6.4(a) and 6.4(b) give the correlation coefficient values between the predictors 

and predictand at all the 24 APHRODITE’s points when the climatic parameters of one GCM 

point that falls inside the Subansiri basin has been considered. The predictors selected for the 

APHRODITE’s points are shown in Table 6.5.Again, Table 6.6(a) and 6.6(b) show the 

correlation coefficient values between predictors and predictand calculated by taking 

weighted average values of the parameters of the four GCM points and Table 6.7 shows the 

predictors selected for the APHRODITE’s points by this method. The predictors selected in 

each case, show either a good positive correlation or a good negative correlation. The 

parameters for which the correlation coefficient values were found to be greater than 0.5 or 

less than -0.5 have been chosen as the predictors. 
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Table 6.4(a): Correlation coefficient values between predictors and predictand when climatic parameters of one GCM point are taken (from Sl. 

No. 1 to 12 APHRODITE’s  points) 

Predictors 
APHRODITE’s Points 

1 2 3 4 5 6 7 8 9 10 11 12 

dwsf 0.053 0.080 0.029 0.054 0.079 0.049 0.006 -0.099 0.004 0.009 0.038 0.053 

Near surface relative humidity 0.506 0.501 0.522 0.508 0.505 0.516 0.527 0.512 0.518 0.535 0.530 0.506 

Geopotential ht at 500hPa 0.726 0.725 0.736 0.718 0.723 0.732 0.730 0.689 0.721 0.750 0.746 0.726 

Maximum temperature 0.764 0.776 0.761 0.763 0.775 0.768 0.747 0.672 0.732 0.760 0.782 0.764 

Minimum temperature 0.827 0.835 0.829 0.826 0.836 0.833 0.818 0.744 0.803 0.832 0.849 0.827 

Geopotential ht at 200 hPa 0.804 0.795 0.815 0.799 0.793 0.805 0.812 0.804 0.797 0.823 0.826 0.804 

air temperature at 850 hPa 0.784 0.794 0.782 0.782 0.793 0.787 0.768 0.690 0.753 0.781 0.801 0.784 

air temperature at 500 hPa 0.806 0.803 0.814 0.803 0.802 0.809 0.809 0.779 0.794 0.820 0.830 0.806 

air temperature 0.801 0.811 0.800 0.798 0.811 0.805 0.786 0.705 0.771 0.800 0.819 0.801 

mslp -0.829 -0.839 -0.825 -0.832 -0.839 -0.830 -0.812 -0.733 -0.792 -0.818 -0.848 -0.829 

soil moisture 0.674 0.678 0.679 0.690 0.684 0.677 0.674 0.616 0.649 0.674 0.699 0.674 

precipitation rate 0.619 0.654 0.609 0.649 0.669 0.633 0.592 0.425 0.577 0.599 0.638 0.619 

Ice thickness ht -0.459 -0.460 -0.466 -0.461 -0.465 -0.466 -0.464 -0.416 -0.457 -0.471 -0.476 -0.459 

Wind speed ht above ground -0.588 -0.576 -0.604 -0.583 -0.573 -0.592 -0.608 -0.634 -0.598 -0.618 -0.610 -0.588 

Relative humidity  at 850hPa 0.533 0.528 0.548 0.533 0.531 0.541 0.550 0.530 0.542 0.561 0.556 0.533 
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Table 6.4(b): Correlation coefficient values between predictors and predictand when climatic parameters of one GCM point are taken (from Sl. 

No. 13 to 24 APHRODITE’s  points) 

Predictors APHRODITE’s Points 

13 14 15 16 17 18 19 20 21 22 23 24 

dwsf 0.000 0.042 0.029 0.048 0.048 0.045 0.047 0.059 0.044 0.040 0.033 0.034 

Near surface relative 

humidity 
0.536 0.532 0.534 0.541 0.541 0.538 0.537 0.518 0.528 0.532 0.539 0.521 

Geopotential ht at 500hPa 0.744 0.748 0.750 0.767 -0.765 0.763 0.767 -0.767 0.758 0.751 0.761 0.734 

Maximum temperature 0.769 0.787 0.785 0.800 0.767 0.799 0.802 0.750 0.795 0.784 0.789 0.761 

Minimum temperature 0.840 0.855 0.854 0.869 0.800 0.866 0.868 0.795 0.861 0.851 0.859 0.828 

Geopotential ht at 200 hPa 0.838 0.828 0.834 0.835 0.869 0.834 0.836 0.858 0.834 0.827 0.837 0.807 

air temperature at 850 hPa 0.790 0.806 0.805 0.820 0.835 0.817 0.821 0.823 0.815 0.803 0.810 0.780 

air temperature at 500 hPa 0.835 0.833 0.837 0.841 0.820 0.840 0.841 0.813 0.837 0.830 0.840 0.809 

air temperature 0.807 0.824 0.823 0.839 0.841 0.836 0.840 0.829 0.833 0.821 0.828 0.799 

mslp -0.839 -0.854 -0.853 -0.861 0.839 -0.858 -0.859 0.830 -0.856 -0.847 -0.853 -0.822 

soil moisture 0.694 0.700 0.698 0.692 -0.861 0.688 0.682 -0.854 0.674 0.691 0.694 0.670 

precipitation rate 0.582 0.640 0.624 0.634 0.692 0.623 0.620 0.676 0.605 0.635 0.629 0.618 

Ice thickness ht -0.462 -0.477 -0.474 -0.482 0.634 -0.473 -0.472 0.622 -0.463 -0.477 -0.479 -0.468 

Wind speed ht above ground -0.630 -0.611 -0.617 -0.619 -0.482 -0.619 -0.620 -0.460 -0.617 -0.612 -0.624 -0.598 

Relative humidity  at 850hPa 0.559 0.558 0.560 0.568 -0.619 0.564 0.563 -0.602 0.554 0.558 0.565 0.546 
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               Table 6.5: Predictors selected for the APHRODITE’s  points 

 

APHRODITE’s Points 

 

Predictand 

 

Predictors 

 

1,2 ,4, 5, 6, 21 

 

Rainfall 

 

Maximum temperature 

Minimum temperature 

Geopotential ht at 200 hPa 

Air temperature at 500 hPa 

mslp 

Soil moisture 

Precipitation rate 

 

3, 7, 8, 11, 12, 14, 15, 16, 17,  

18, 19, 20, 22, 23, 24  

Rainfall 

Maximum temperature 

Minimum temperature 

Geopotential ht at 200 hPa 

Air temperature  at 500 hPa 

mslp 

Soil moisture 

Precipitation rate 

Wind speed ht above ground 

 

9  

Rainfall 

Maximum temperature 

Minimum temperature 

Geopotential ht at 200 hPa 

Air temperature  at 500 hPa 

mslp 

Soil moisture        

 

 

10, 13   

Rainfall 

 

Maximum temperature 

Minimum temperature 

Geopotential ht at 200 hPa 

Air temperature  at 500 hPa 

mslp 

Soil moisture 

Wind speed ht above ground 
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Table 6.6(a): Correlation coefficient calculated by taking weighted average of the four GCM points for APHRODITE’s points 1-12. 

Predictors 
APHRODITE’s Points 

1 2 3 4 5 6 7 8 9 10 11 12 

dwsf -0.072 -0.032 -0.104 -0.055 -0.019 -0.071 -0.131 -0.323 -0.132 -0.123 -0.048 -0.097 

Near surface relative 

humidity 
0.517 0.503 0.541 0.531 0.505 0.528 0.555 0.634 0.546 0.554 0.563 0.545 

Geopotential ht at 200 hPa 0.813 0.804 0.823 0.806 0.801 0.814 0.820 0.813 0.805 0.831 0.832 0.840 

Geopotential ht at 500 hPa 0.742 0.741 0.751 0.732 0.739 0.747 0.745 0.704 0.735 0.764 0.757 0.780 

Maximum temperature 0.792 0.804 0.792 0.790 0.807 0.799 0.779 0.685 0.766 0.798 0.812 0.820 

Minimum temperature 0.829 0.833 0.838 0.832 0.835 0.838 0.831 0.781 0.816 0.844 0.859 0.859 

Air temperature at 500 hPa 0.822 0.821 0.830 0.816 0.818 0.825 0.824 0.785 0.809 0.837 0.841 0.849 

mslp -0.854 -0.857 -0.858 -0.857 -0.858 -0.857 -0.850 -0.804 -0.831 -0.856 -0.875 -0.868 

soil moisture 0.620 0.629 0.660 0.658 0.648 0.665 0.678 0.683 0.679 0.713 0.716 0.727 

precipitation rate 0.759 0.767 0.761 0.762 0.771 0.762 0.752 0.686 0.729 0.746 0.735 0.751 

Wind speed ht above ground -0.588 -0.576 -0.604 -0.583 -0.573 -0.592 -0.608 -0.634 -0.598 -0.618 -0.610 -0.619 

Relative humidity at 850 hPa 0.580 0.566 0.607 0.586 0.567 0.593 0.621 0.688 0.613 0.628 0.615 0.625 
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Table 6.6(b): Correlation coefficient calculated by taking weighted average of the four GCM points for APHRODITE’s points 13-24 

Predictors 
APHRODITE’s Points 

13 14 15 16 17 18 19 20 21 22 23 24 

dwsf -0.142 -0.028 -0.002 -0.052 -0.046 -0.049 -0.022 -0.061 -0.081 -0.059 -0.078 -0.006 

Near surface relative 

humidity 
0.577 0.571 0.561 0.549 0.562 0.560 0.547 0.558 0.537 0.556 0.558 0.535 

Geopotential ht at 200 hPa 0.847 0.833 0.837 0.844 0.842 0.844 0.830 0.842 0.815 0.834 0.845 0.828 

Geopotential ht at 500 hPa 0.760 0.756 0.754 0.780 0.774 0.779 0.760 0.771 0.748 0.763 0.774 0.764 

Maximum temperature 0.805 0.809 0.799 0.839 0.831 0.835 0.824 0.827 0.797 0.818 0.827 0.835 

Minimum temperature 0.852 0.865 0.861 0.874 0.873 0.875 0.863 0.867 0.837 0.861 0.868 0.868 

Air temperature at 500 hPa 0.850 0.841 0.842 0.858 0.853 0.856 0.841 0.851 0.825 0.844 0.855 0.845 

mslp -0.880 -0.877 -0.866 -0.887 -0.884 -0.885 -0.877 -0.883 -0.853 -0.876 -0.884 -0.885 

soil moisture 0.727 0.711 0.713 0.738 0.730 0.729 0.705 0.716 0.691 0.714 0.731 0.718 

precipitation rate 0.746 0.715 0.658 0.746 0.723 0.726 0.714 0.722 0.744 0.746 0.751 0.742 

Wind speed ht above ground -0.630 -0.611 -0.617 -0.619 -0.619 -0.620 -0.602 -0.617 -0.598 -0.612 -0.624 -0.603 

Relative humidity at 850 hPa 0.648 0.612 0.592 0.622 0.623 0.624 0.602 0.621 0.604 0.616 0.628 0.597 
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Table 6.7: Predictors selected for the APHRODITE’s  points 

 

APHRODITE’s Points 

 

Predictand 

 

Selected Predictors 

 

1, 2, 4, 5, 6 

 

Rainfall 

 

Geopotential ht at 200 hPa 

Geopotential ht at 500 hPa 

Maximum temperature 

Minimum temperature 

Air temperature at 500 hPa 

Mslp 

Soil moisture  

 precipitation rate 

 

 

 

 

9, 21 

 

Rainfall 

Geopotential ht at 200 hPa 

Geopotential ht at 500 hPa 

Maximum temperature 

Minimum temperature 

Air temperature at 500 hPa 

Mslp 

soil moisture  

precipitation rate 

Wind speed ht  above ground 

 

 

15, 24 

 

Rainfall 

Geopotential ht at 200 hPa 

Geopotential ht at 500 hPa 

Maximum temperature 

Minimum temperature 

Air temperature at 500 hPa 

Mslp 

soil moisture  

precipitation rate 

Relative humidity at 850 hPa 

 

 

3, 7, 8, 10, 11, 12, 13, 14, 16, 

17, 18, 19, 20, 22, 23 
 

Rainfall 

Geopotential ht at 200 hPa 

Geopotential ht at 500 hPa 

Maximum temperature 

Minimum temperature 

Air temperature at 500 hPa 

Mslp 

soil moisture  

precipitation rate 

Wind speed ht  above ground 

Relative humidity at 850 hPa 
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6.3.2 Comparison of Regression Based Statistical Downscaling Method and 

Downscaling using Artificial Neural Network Model 

Calibration and Validation have been performed at all the 24 APHRODITE’s rainfall points 

for both the multiple linear and multiple non-linear regression methods. Fig.6.4 shows the 

calibration and validation graphs for (a) multiple linear regression and (b) multiple non-linear 

regression at the APHRODITE’s point (91.875°E, 28.625°N)for the one GCM point that falls 

inside the study area. The calibration and validation graphs obtained while considering the 

climatic parameters of one HadCM3 GCM point for all the 24 APHRODITE’s points are 

shown in Annexure 1 (multiple linear regression) and Annexure 2(multiple non-linear 

regression) respectively. 

 

Fig. 6.4: Calibration and validation graphs for (a) multiple linear regression and (b) multiple 

non-linear regression at the APHRODITE point 91.875°E; 28.625°N for the GCM that falls 

inside the study area 

It is observed that from Fig. 6.4 (a) that during calibration, the simulated rainfalls are less 

than the observed rainfalls for January, June, July and December, while for rest of the months 

the simulated values are more than the observed values. For the validation part, it is observed 

that up to July, the simulated rainfalls are less than observed rainfall including the month of 

October, while for the other months simulated rainfall values are more than the observed 

values. 
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From Fig. 6.4(b), during calibration, the simulated rainfall values are more than the observed 

rainfall values for May, June, July, August and December and less for the rest of the months. 

While validating, it has been observed that for May, June, September, October, November 

and December, the simulated rainfalls are more than observed rainfall. For the rest of the 

months, the observed values are more than the simulated ones. The highest difference has 

been observed in the month of August. 

The calibration and validation graphs for (a) multiple linear regression and (b) multiple non-

linear regression performed by taking weighted average of all the four GCM points at the 

APHRODITE’s point (91.875°E, 28.625°N) are shown in Fig.6.5. The graphs for the rest of 

the rainfall points for multiple linear and non-linear regression analysis are given in 

Annexure 3 and Annexure 4 respectively. 

 

Fig.6.5: Calibration and Validation graphs for (a) multiple linear regression and (b) multiple 

non linear  regression  at the APHRODITE point 91.875°E; 28.625°N for the weighted 

average of all the GCMs 

From Fig.6.5(a), during calibration simulated values are more than the observed values for 

January, March, April, July, August, September, October and November and are less than the 

observed values for the rest of the months. During validation, for the month of August, the 

observed and simulated rainfall values show the maximum difference. For other months the 

difference is not that significant. From Fig. 6.5(b), during calibration and validation, the 

correlation between observed and simulated rainfall are better than the other methods. 
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The performance of ANN model at point (91.875°E, 28.625°N) can be evaluated from Fig. 

6.6 where the scatter plots for training, validation and testing are shown. The regression plots 

for all the 24 APHRODITE’s points are given in Annexure 5. 

 

Fig.6.6: Regression plots  for (a)Training, Validation and Testing for the ANN model at the     

APHRODITE’s point 91.875°E; 28.625°N 

The R value observed at this point is 0.85 which is acceptable for further analysis using 

ANN. 

The coefficient of correlation (R
2
) values obtained from the methods have been compared at 

all the 24 points. It has been found that for the multiple non-linear regression method, the 

R
2
values at all the rainfall points are better compared to multiple linear based regression 

method and ANN method.The R
2
 values obtained for these methods are given in table 6.8. 
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Table 6.8: R
2
 values determined for regression and ANN methods 

APHRODITE 

points Sl. No. 

Linear Regression Non-linear Regression 
ANN 

At point          

93.75˚E; 27.5˚N 

Weighted 

Average 

At point       

93.75˚E; 27.5˚N 

Weighted 

Average 

1 0.774 0.769 0.817 0.818 0.733 

2 0.766 0.759 0.809 0.808 0.760 

3 0.769 0.774 0.809 0.817 0.778 

4 0.771 0.768 0.820 0.820 0.780 

5 0.770 0.765 0.815 0.816 0.774 

6 0.755 0.754 0.796 0.797 0.769 

7 0.742 0.750 0.783 0.791 0.769 

8 0.745 0.795 0.815 0.842 0.810 

9 0.687 0.699 0.724 0.733 0.741 

10 0.759 0.769 0.790 0.798 0.775 

11 0.808 0.817 0.851 0.857 0.814 

12 0.780 0.808 0.828 0.833 0.792 

13 0.806 0.822 0.848 0.855 0.817 

14 0.782 0.819 0.854 0.861 0.796 

15 0.814 0.821 0.855 0.861 0.824 

16 0.828 0.835 0.859 0.865 0.828 

17 0.814 0.832 0.854 0.864 0.819 

18 0.808 0.836 0.856 0.867 0.815 

19 0.802 0.814 0.838 0.848 0.806 

20 0.801 0.831 0.853 0.865 0.808 

21 0.742 0.751 0.780 0.790 0.773 

22 0.797 0.816 0.845 0.854 0.801 

23 0.826 0.833 0.857 0.865 0.828 

24 0.813 0.817 0.850 0.855 0.832 

This shows certainly a better forecasting ability of multiple non-linear regression based 

statistical downscaling technique when performed by taking the weighted average values of 

the parameters of all the four GCM points. 

By applying above three techniques, the rainfalls have been simulated at the 24 

APHRODITE’s precipitation points. The observed and simulated rainfalls were then used to 

determine the Mean Absolute Error (MAE), Mean Square Error (MSE) and Root Mean  

Square Error (RMSE) which are given in table 6.9, 6.10 and 6.11 respectively. Based on 

these three errors, the forecasting abilities of the models have been assessed.  
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Table 6.9: MAE for each APHRODITE’s point for linear regression, non-linear regression  

and ANN 

APHRODITE 

Points Sl.      

No 

Regression taking 1 GCM 
Regression taking weighted 

average ANN 

Non-linear Linear Non-linear Linear 

1 39.09 43.68 38.02 42.92 49.32 

2 34.04 37.69 32.55 37.04 36.3 

3 35.82 39.73 35.6 38.04 37.96 

4 49.03 55.16 47.58 54.52 50.97 

5 41.93 46.59 40.74 46.26 45.7 

6 37.11 41.5 35.46 40.4 37.07 

7 38.98 43.26 37.88 40.88 36.95 

8 39.93 43.01 39.29 41.29 39.41 

9 39.78 44.35 38.64 42.25 39.52 

10 41.04 45.47 39.85 42.44 40.54 

11 34.97 38.36 34.21 36.23 35.74 

12 49.95 56.38 48.33 54.48 49.41 

13 44.34 49.76 42.95 47.92 46.88 

14 32.16 35.11 31.28 33.32 32.66 

15 30.74 35.34 29.2 33.33 31.54 

16 50.91 57.15 49.56 55.26 63.31 

17 36.39 40.51 35.15 38.69 37.81 

18 49.47 56.28 48.34 54.22 51.35 

19 40.83 44.99 38.96 43.81 38.66 

20 33.58 37.1 32.06 35.22 33.47 

21 37.97 42.22 35.96 40.07 38.37 

22 38.06 42.21 35.97 39.86 39.31 

23 47.74 53.71 46.59 51.35 50.84 

24 42.59 47.34 40.92 45.23 51.03 

 

The Mean Absolute Error for multiple non-linear regression performed by taking one GCM 

point varies between 30.74 and 50.91with an average value of 40.27.  

For multiple linear regression performed by taking one GCM, the MAE varies between 35.11 

and 57.15 with an average MAE of 44.87. 

For the multiple non-linear and multiple linear regression performed by taking the weighted 

average of the four GCMs, the MAE vary between 29.20 and 49.56; and 33.32 and 55.26 

respectively. The average error values are 38.96 and 43.13 respectively. 
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The MAE for ANN model varies between 31.54 and 63.31 with an average error value of 

42.23. 

Table 6.10: MSE for each APHRODITE’s point for linear regression, non-linear regression 

and ANN 

APHRODITE 

Points Sl.No 

Regression taking 1 GCM 
Regression taking weighted 

average ANN 
Non-linear Linear Non-linear Linear 

1 3330 3590 3300 4850 3610 

2 2480 2630 2410 2670 2670 

3 2780 2960 2690 2920 2880 

4 5440 5890 5520 6060 5620 

5 3770 4010 3740 4120 4240 

6 3000 3180 2850 3140 3060 

7 3370 3560 3150 3400 3320 

8 3235 3332 3217 3270 3222 

9 3460 3640 3280 3520 3370 

10 4020 4190 3730 3970 3930 

11 2620 2730 2540 2660 2660 

12 5060 5540 4920 5330 5070 

13 4010 4330 3850 4160 4150 

14 2130 2240 2110 2170 2130 

15 1880 2140 1690 1950 1980 

16 5040 5570 4890 6890 5310 

17 2620 2890 2540 2800 2740 

18 4700 5320 4570 5090 4870 

19 3190 3430 2990 3330 3010 

20 2230 2330 2070 2210 2190 

21 2820 3020 2620 2860 2850 

22 2820 3040 2610 2940 2870 

23 4610 5090 4450 4900 4980 

24 3540 3890 3290 4740 3720 

 

The minimum and maximum MSE for the multiple non-linear regression done by taking one 

GCM are 1880 and 5440 respectively with an average value of 3423.13. Again, the minimum 

and maximum MSE for the multiple linear regression done by taking one GCM are 2140 and 

5890 respectively with an average value of 3689.25.  

The MSE for multiple non-linear regression performed by taking the weighted average of the 

four GCMs varies between 1690 and 5520 with an average value of 3292.79. For multiple 
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linear regression performed by taking the weighted average of the four GCMs, the MSE 

varies between 1950 and 6890 with an average value of 3747.92. 

For the ANN model, the minimum and maximum MSE are 1980 and 5620 respectively with 

and the average MSE is 3518.83. 

Table 6.11: RMSE for each APHRODITE’s point for linear regression, non-linear regression 

and ANN 

APHRODITE 

Points Sl.  No. 

Regression taking 1 GCM 
Regression taking weighted 

average ANN 

Non-linear Linear Non-linear Linear 

1 57.73 59.92 57.46 69.64 60.09 

2 49.81 51.29 49.12 51.74 51.68 

3 52.71 54.4 51.96 53.72 54.01 

4 73.75 76.77 74.3 77.85 74.96 

5 61.43 63.35 61.15 64.09 65.13 

6 54.81 56.41 53.44 56.04 55.33 

7 58.11 59.69 56.2 58.35 57.56 

8 55.34 58.23 54.74 56.45 54.92 

9 58.85 60.39 57.27 59.33 58.1 

10 63.44 64.76 61.09 63.07 62.69 

11 51.22 52.65 50.37 51.57 51.6 

12 71.15 74.45 70.19 73.03 71.27 

13 63.36 65.8 62.03 64.54 64.44 

14 46.21 47.36 45.85 46.64 46.25 

15 43.38 46.28 41.12 44.24 44.52 

16 70.98 74.63 69.98 83.04 72.88 

17 51.19 53.76 50.37 52.34 52.97 

18 68.56 72.94 67.58 71.38 69.76 

19 56.56 58.56 54.72 57.7 54.88 

20 47.18 48.25 45.54 47.05 46.87 

21 53.12 54.94 51.16 53.45 53.41 

22 53.15 55.14 51.12 53.66 54.28 

23 67.87 71.39 66.75 70.02 70.62 

24 59.54 62.35 57.41 61.01 59.77 

 

The RMSE were also determined at the rainfall points. The minimum and maximum RMSE 

for the multiple non-linear regression method performed by taking the climatic parameters of 

one GCM are, 43.38 and 73.75 respectively and the average RMSE is 57.89. The RMSE for 
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the multiple regression method done by taking parameters of one GCM varies between 46.28 

and 76.77 with an average value of 60.15.  

For the multiple non-linear regression performed by taking the weighted average of the 

climatic parameters of the four GCM, the RMSE varies between 41.12 and 74.20 with an 

average value of 56.71. The minimum and maximum RMSE for multiple linear regression 

done by taking the weighted average of climatic parameters of the four GCMs are 44.24 and 

83.04 respectively and the average RMSE is 59.98. 

The RMSE for the ANN model varies between 44.52 and 74.96 with an average value of 

58.67. 

The average values of MAE, MSE and RMSE for the two methods are given in Table 6.12. 

Table 6.12:Average values of MSE, MAE and RMSE 

Downscaling Methods 
Average Error Values 

MSE MAE RMSE 

Linear 

Regression 

Taking one GCM 3689.25 44.87 60.15 

Taking weighted average 3747.92 43.13 59.98 

Non-linear 

Regression 

Taking one GCM 3423.12 40.27 57.89 

Taking weighted average 3292.79 38.96 56.70 

Artificial Neural Network 3518.83 42.23 58.67 

 

It is observed from the above table that all the three errors were the minimums in the case of 

multiple non-linear regression analysis done by taking the weighted average values of the 

four HadCM3 GCM points. For this particular method, the average MSE, MAE and RMSE 

are 3292.79, 38.96 and 56.70 respectively. The ANN model was found to be better than (i) 

multiple linear and non-linear regression methods done by taking climatic parameters of one 

GCM and (ii) multiple linear regression method done by taking the weighted average values 

of the climatic parameters of the four GCMs. The MSE, MAE and RMSE for ANN model 

were found to be 3518.83, 42.23 and 58.67 respectively. TheMSE, MAE and RMSE were 

found to be the maximum for multiple linear regression analysis performed by taking the 

climatic parameters of one GCM that falls inside the study area with values 3689.25, 44.87 

and 60.15 respectively. 
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This results imply that multiple non-linear regression based method outperformed the linear 

regression as well as the ANN model. Hence this method can efficiently be used for future 

prediction of rainfall in the Subansiri River basin. 

6.3.3 Prediction of future Rainfall 

6.3.3.1 Future Rainfall Analysis at all the APHRODITE rainfall points 

Future four sets of rainfall data have been predicted viz. 2020 to 2039, 2040 to 2059, 2060 to 

2079 and 2080 to 2099 by taking 1960 to 2007 precipitations as the base.  The month wise 

analysis of rainfall at all the 24 APHRODITE’s points are explained below. 

It is observed that rainfall first decreases for the period 2020-39 compared to the base period 

for the months January, February, April, June, July, August, September and October. On the 

other hand, for March, May, November and December, the rainfall increases for 2020-39 

compared to the base period from 1960-2007.  

While analyzing the trend from 2020-39 to 2080-99, it has been observed that for January, 

February and March, the rainfall gradually increases from 2020-39 to 2080-99 except at the 

rainfall points (93.375˚E, 27.375˚N), (93.875˚E, 28.375˚N), (94.125˚E, 28.125˚N), (94.375˚E, 

28.125˚N), (93.125˚E, 28.125˚N), (93.375˚E, 28.375˚N) and (93.625˚E, 28.125˚N). At these 

points, for the month of March, rainfall decreases for the period 2080-2099.  

For the month of April and December, rainfall first increases from 2020-39 to 2060-79 and 

then decreases for the period 2080-99. However, at the rainfall points(92.375˚E, 

28.625˚N),(92.375˚E, 28.875˚N),(92.625˚E, 28.625˚N),(92.875˚E, 28.625˚N) and (93.625˚E, 

27.625˚N) rainfall increases continuously from 2020-39 to 2080-99 for the month of April. 

For the month of December, at the rainfall points (93.125˚E, 28.625˚N) and (94.125˚E, 

28.125˚N)the rainfall increases from 2020-39 to 2080-99 for the month of December.  

Different points show different rainfall patterns for the month of May. At points (91.875˚E, 

28.625˚N), (92.125˚E, 28.375˚N), (92.375˚E, 27.875˚N),(94.375˚E, 27.375˚N) rainfall 

decreases from 2020-39 to 2080-99. However, increase in rainfall during 2040-59 compared 

to 2020-39 is observed at points (93.375˚E, 27.375˚N),(93.375˚E, 27.875˚N),(93.625˚E, 

27.625˚N),(93.875˚E, 28.375˚N),(94.125˚E, 28.125˚N),(93.125˚E, 28.125˚N),(93.375˚E, 

28.375˚N), (93.625˚E, 28.125˚N), (94.375˚E, 28.125˚N), (94.625˚E, 27.625˚N),(94.875˚E,  

27.875˚N) and (93.125˚E, 27.875˚N) where the rainfall then again decreases for 2060-79 and 

2080-99. At points (94.125˚E, 27.625˚N),(92.375˚E, 28.625˚N) and (92.625˚E, 28.375˚N) 

rainfall increases continuously from 2020-39 to 2060-79 and then decreases again for 2080-
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99. A continuous increase of rainfall from 2020-39 to 2080-99 is observed at 

points(92.375˚E, 28.875˚N), (92.625˚E, 28.625˚N) and (92.875˚E, 28.625˚N).  

For July, August and October most of the rainfall points show similar trends where rainfall 

decreases from the period 2020-39 to 2080-99 with few exceptions. For example, at the point 

(92.375˚E, 28.875˚N), for all these three months, rainfall increases from 2020-39 to 2080-99. 

Again, for the month of October, at (92.375˚E, 27.875˚N) and (93.375˚E, 27.375˚N), rainfall 

first decreases from 2020-39 to 2060-79 and then increases again during 2080-99.  Reverse is 

the case for points (92.625˚E, 28.625˚N) and (92.875˚E, 28.625˚N) where rainfall first 

increases from 2020-39 to 2060-79 and decreases during 2080-99.  

Rainfall first increases for 2040-59 compared to 2020-39 and then again start decreasing for 

the rest of the periods up to 2099 for June and September. Exceptions are points (92.375˚E, 

28.125˚N),(93.375˚E, 27.375˚N), (94.125˚E, 28.125˚N), (94.625˚E, 27.625˚N) and (93.625˚E, 

28.125˚N) where rainfall show a decreasing trend from 2020-39 to 2080-99 for both the 

months. In addition to these points, (92.125˚E, 28.375˚N),(92.375˚E, 27.875˚N),(92.375˚E, 

28.125˚N) and (92.625˚E, 28.375˚N) show a decreasing trend of rainfall for the month of 

September. On the other hand, for both the months, at point (92.375˚E, 28.875˚N) the rainfall 

increases from 2020-39 to 2080-99.  

For the month of November, different points show different rainfall trends. For all the points 

rainfall increases for 2020-39 comapred to the base period 1960-2007. At few points, rainfall 

first increases from 2020-39 to 2060-79 and then decreases for 2080-99. At few other points, 

compared to 2020-39, rainfall decreases gradually from 2040 -59 to 2080-99. At some points, 

on the other hand rainfall shows alternate changes from 2040-59 to 2080-99. 

The graphical representation of the future predicted rainfall at points (91.875°E; 28.625°N), 

(92.125°E; 28.375°N), (94.125˚E, 27.625˚N) and (92.375°E; 27.875°N) are shown in Fig.6.7 

while at all APHRODITE rainfall points are shown in Annexure 6. 
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Fig.6.7: Historical and future rainfall at four different APHRODITE points 

6.3.3.2 Future average rainfall analysis over the Subansiri basin  

The average rainfall of all the 24 APHRODITE points have been calculated and analyzed the 

future trends of rainfall over the Subansiri river basin for the four different future time steps. 

Fig. 6.8 shows the trends of rainfall for (a) 2020-39, (b) 2040-59, (c) 2060-79 and (d) 2080-

99. 

 

 

Fig. 6.8: Trends showing change in average rainfall over Subansiri catchment fordifferent 

time steps 
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It is seen from the graphs that when the average rainfall values of all the APHRODITE’s 

points are considered, the rainfall during the period 2020-39 remains almost the same. The 

linear trend lines for other three time steps indicate that there will be decreasing trends of 

rainfall for 2040-59, 2060-79 and 2080-99. There is a possibility that the period 2060-79 will 

experience the highest decrease in rainfall over the Subansiri River basin. 

6.3.3.3 Spatial variation of rainfall over the Subansiri river basin 

The total annual rainfall at each APHRODITE point has been used to study the spatial 

variation of rainfall for the different time steps. Fig. 6.9 shows the spatial variation maps 

prepared in GIS by taking the total annual rainfall values at all the 24 APHRODITE points 

for the five different time steps. 

 

 

 

Fig. 6.9: Spatial variation of total rainfall for different time steps over the Subansiri basin 
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It is observed from the maps that during 1960-2007, the basin experienced heavy rainfall at 

the downstream which gradually decreases for the later periods. During 2020-39, most parts 

of the basin will receive rainfall between 1489-1602mm. It is also observed that the 

maximum rainfall for 2020-39, 2040-59 and 2060-79 will occur at the middle part of the 

catchment which shifts slightly upward during 2080-99. During 2040-59, 1327-1580mm of 

rainfall will be experienced by most of the area in the catchment. During 2060-79, 1208-1529 

mm of rainfall will be experienced by most parts of the basin. Again, during 2080-99, 

maximum area will receive rainfall in the range of 956-1073mm. The minimum rainfalls for 

1960-2007, 2020-39, 2040-59, 2060-79 and 2080-99 are 952mm, 967mm, 914mm, 975mm 

and 746mm respectively. The maximum rainfalls for these periods are predicted to be 

2184mm, 2072mm, 2100mm, 1919mm and 1858mm respectively. It is clear that the basin 

will receive less rainfall during 2080-99 compared to the other time periods. These changes 

in rainfall are the indications of climate change that would occur in the Subansiri basin in the 

near future. 

6.3.3.4 Future Rainfall Analysis over the Subansiri basin on the basis of wet months, 

 dry months and months with moderate rainfall 

While analyzing the historical rainfall data from 1960-2007 at all the 24 APHRODITE’s 

points, heavy rainfall were observed for the months May, June, July and August. Together 

these four months accounted for 64-70% of the total annual rainfall. These four months hence 

are considered as the wet months. Unlike the wet months, for the months of November, 

December, January and February, the observed rainfalls were the minimum (2-5% of the total 

annual rainfall) and are considered as the dry months. In between these two, the remaining 

four months i.e. March, April, September and October experienced moderate rainfall and 

together they accounted for 28-31% of the annual total rainfall. The spatial variations of 

rainfall in these three different kinds of months have been analyzed in this study. 

6.3.3.4.1 Spatial variation of rainfall for the wet months 

Fig. 6.10 shows the average rainfall experienced by the basin during (a) 1960-2007 and future 

possibility for the periods (b) 2020-39, (c) 2040-59, (d) 2060-79 and (e) 2080-99 for the wet 

months. 
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Fig.6.10: Spatial variation of rainfall over the Subansiri basin during the wet months for 

different time steps 

 

It is observed from the figure that during 1960-2007, the basin experienced the minimum 

rainfall of 872-1007mm mostly at the downstream. Some areas of the middle part of the 

catchment experienced the maximum rainfall of 1266-1476mm. Most part of the catchment 

during this period had rainfall of 1078-1151 mm. 

The upstream rainfall decreases and the downstream rainfall increases for the period 2020-39 

compared to the rainfall during 1960-2007. The upstream is indicated to experience the 

minimum rainfall of 820-984 mm. Rainfall of 1035-1104mm is indicated in the middle part 

of the basin during this period.  

Not much change is observed during 2040-59 compared to that of 2020-39. However, rainfall 

slightly increases at the upstream. Maximum rainfall is 1120 to 1266 which is indicated in the 
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middle and in some areas at the downstream. The minimum rainfall predicted for this period 

is 767-895mm. Most parts would have rainfall of 954-1029mm. 

For 2060-79, the upstream rainfall increases more compared to 2040-59 and the rainfall is 

indicated to be the maximum in the middle part of the catchment with rainfall amount of 927-

1085mm. A small portion at the upstream is also indicated to experience the maximum 

rainfall.  

During 2080-99, rainfall significantly decreases at the downstream of the basin. The 

minimum rainfall of 335-521mm is predicted at the downstream as well as at some areas in 

the middle portion. Maximum rainfall is indicated to be shifted towards upstream. The 

maximum rainfall during this period could be 738-903mm. 

Thus it is seen that at the downstream, the rainfall gradually decreases from 2020-39 and 

becomes the minimum during 2080-99. Again, the maximum rainfall decreases gradually 

from 1960-2007 to 2080-99 with values 1266-1476mm, 1195-1358mm, 1120-1286mm, 927-

1085mm and 738-903mm for the periods 1960-2007, 2020-2039, 2040-2059, 2060-2079 and 

2080-2099 respectively. Similarly, the minimum rainfall also decreases from 1960-2007 to 

2080-2099. The ranges of the minimum rainfall values for the periods 1960-2007, 2020-39, 

2040-59,2060-79 and 2080-99 are 872-1007mm, 820-984 mm, 767-895mm, 639-746mm and 

336-521mm respectively. 

Hence, the basin would experience less rainfall compared to the historical rainfall during the 

wet months i.e. during May, June, July and August. 

6.3.3.4.2 Spatial variation of rainfall for the months with moderate rainfall 

The spatial variation maps prepared in GIS for the months with moderate rainfall for each 

time step are shown in Fig. 6.11. 
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Fig.6.11 Spatial variation of rainfall over the Subansiri basin during the months with 

moderate rainfall for different time steps 

 

While analyzing the rainfall distribution over the Subansiri basin during the past and future 

time periods, it is observed that at the downstream, the rainfall decreases gradually for every 

time period compared to the historical period.  

For all these periods, the upstream of the basin is observed to experience less rainfall than at 

the middle part except during 2040-59 where a part of the middle catchment also experiences 

similar rainfall at that at the upstream with rainfall between 381-424mm. During 2020-39, 

most part of the catchment will receive rainfall amount between 339-430mm. During 2060-

79, 380-419mm rainfall will be experienced by most part of the basin. For the period 2080-

99, 297-334mm would be the rainfall in most part of the basin. The minimum rainfall for 

1960-2007, 2020-39, 2040-59, 2060-79 and 2080-99 would be 310mm, 282mm, 273mm, 

237mm and 207mm respectively. The maximum rainfalls for these periods would be 628mm, 

573mm, 622mm, 566mm and 544mm respectively. It is seen that minimum rainfall decreases 

gradually from 1960-2007 to 2080-99. The maximum rainfall on the other hand first 

decreases from 1960-2007 to 2020-39 and then increases again for the next time period i.e. 

2040-59. It again starts decreasing from 2060-79 to 2080-99. Overall, for the months with 
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moderate rainfall also, the basin would experience lesser rainfall compared to the historical 

period. 

6.3.3.4.3 Spatial variation of rainfall for the dry months 

The spatial variation of rainfall that would occur over the Subansiri basin during the dry 

months has been analyzed for the different time steps. Fig. 6.12 shows the spatial variation 

maps for each different time period. 

 

 

 

 

Fig.6.12: Spatial variation of rainfall over the Subansiri basin during the dry months for 

different time steps 

For dry months, it is observed from the figure that, for all the time steps, the upstream 

catchment experiences the minimum rainfall. Like in case with the other months, here also 

the rainfall at downstream gradually decreases compared to the historical rainfall. Even 
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during 1960-2007, the extreme downstream had the maximum rainfall (93-117mm). During 

2020-39, most parts of the catchment seem to experience 80-90mm of rainfall with some 

areas experiencing maximum rainfall (118-141mm). During 2040-59, 91-122mm would be 

the rainfall range that will be experienced by most parts of the basin. During the period 2060-

79, a large portion of the area is likely to experience rainfall between 130-150mm. For 2080-

99, it is seen that 126-154mm rainfall will be experienced by most parts of the basin. 

The minimum rainfalls as predicted for 1960-2007, 2020-39, 2040-59,2060-79 and 2080-99 

are 50mm, 60mm, 68mm, 66mm and 56mm respectively. The maximum rainfalls for these 

periods would be 117mm, 141mm, 191mm, 247mm and 293mm respectively. Thus it is seen 

that the minimum rainfall first increases from 1960-2007 to 2040-59 and then decreases again 

for the next two time periods. The maximum rainfall on the other hand gradually increases 

from 1960-2007 to 2080-99. Therefore, it can be said that during the dry months, there is a 

possibility that the basin will experience more rainfall in future compared to the historical 

period. 

6.4 Conclusions 

In this study, three techniques have been used to downscale the rainfall at Subansiri river 

basin. These are, multiple linear and non-linear regression-based statistical downscaling 

techniques and downscaling by Artificial Neural Network. These methods have been applied 

at 24 different selected APHRODITE’s rainfall points in the catchment of Subansiri river 

basin. The APHRODITE’s rainfall has been used as the predictand and HadCM3 GCM 

climatic parameters as the predictors and the appropriate predictors have been selected using 

Pearson correlation method. Two cases were considered while performing the regression 

analysis. First, the climatic parameter of one HadCM3 GCM point that falls inside the study 

area has been considered as the predictors. Second, the weighted average values of the 

climatic parameters of the four HadCM3 GCM points have been considered. Both multiple 

linear and non-linear regression analyses were carried out for these two conditions. The 

forecasting ability of these models has been accessed on the basis of MAE, MSE and RMSE. 

It has been found that multiple non-linear regression based statistical downscaling method 

done by taking the weighted average values of the climatic parameters of the four GCMs 

outperformed linear regression based downscaling method and Artificial Neural Network 

model in forecasting.  

Using this multiple non-linear based statistical downscaling technique, the future rainfall has 

been predicted up to the year 2099 for four different time steps viz. 2020-39, 2040-59, 2060-
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79 and 2080-99. The average rainfall of all the APHRODITE points has been considered to 

study the future variation of rainfall for the different time steps. No significant change has 

been observed for the period 2020-39, while for the other three time steps, the rainfall show 

decreasing trends. The spatial variation of total rainfall over the basin has also been analyzed. 

It has been observed that the basin will receive less rainfall during 2080-99 compared to the 

other time periods. 

Depending upon the amount of rainfall received by the Subansiri basin, the months were 

divided into wet months, months with moderate rainfall and dry months. The spatial change 

in rainfall pattern for all these three types of months has also been analyzed over the basin.  

Potential decrease of rainfall in the wet months and months with moderate rainfall and 

increase of rainfall in the dry months are indicated for the future rainfall pattern of the 

Subansiri basin. 
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CHAPTER 7 

RUNOFF SIMULATION OF THE SUBANSIRI RIVER USING 

ANN MODEL AND ANN-SCS BASED HYBRID MODEL 

 

7.1 Introduction 

Runoff calculation of a river is essential owing to its effect on flood and erosion at the 

downstream. The actual physical processes that convert rainfall to runoff are both complex 

and highly variable. As such, these processes cannot be replicated mathematically with exact 

certainty. However, through the use of simplifying assumptions and empirical data, there are 

several mathematical models and equations that can simulate these processes and predict 

resultant runoff volumes and rates with acceptable accuracy. An empirical model is a 

representation of data and has no theoretical basis. A physically based model is one that has a 

theoretical basis and whose parameters and variables are measurable in the field (Beven, 

1983). In reality, many empirical relationships are used for parameter estimation by the 

“physically based” models (Wilcox et al., 1990).  In general, all runoff computation methods 

are, to some degree, mathematical expressions of the hydrologic cycle. However, most 

transform its cyclical character to a linear one, treating rainfall as an input and producing 

runoff as an output. During this transformation, each method uses mathematical 

approximations of the real rainfall-runoff processes to produce its estimates of runoff volume 

and/or rate. Each method has its own complexity, data needs, accuracy, and range of results. 

It is a common problem in hydrological studies to estimate runoff from a watershed for which 

only precipitation records are available. An approach to solution of this problem is to 

compare runoff characteristics with those of watershed characteristics (Jabari et al., 2009). 

Watershed characteristics which may be most readily compared to estimating the volume of 

runoff that will result from a given amount of rainfall are soil type and cover, which includes 

land use.  

Subansiri, being the major tributary of the river Brahmaputra has major contribution towards 

discharge at its confluence with the Brahmaputra. The contribution of Subansiri River is 

estimated to be about 10 percent of the total discharge of the river Brahmaputra at Pandu near 

Guwahati. The river has maximum and minimum observed discharge record of 12,024 cumec 
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and 188 cumec at Gerukmukh respectively. At Chauldhuwaghat, the maximum discharge is 

21,230 cumec (GSI, 1977). It has an average annual runoff of 57,296 mm (Rao, 1979).  

In this study, the runoff of the river Subansiri has been simulated up to the year 2099 for four 

different time steps viz., 2020-39, 2040-59, 2060-79 and 2080-99. Two models have been 

developed to simulate the runoff of Subansiri. These are,  

(i) An ANN based rainfall runoff model 

In this model, average rainfalls of different sub-catchments of the basin are considered as the 

inputs. However, rainfall alone cannot explain the runoff variance efficiently as it does not 

consider the effect of soil type and change in land use/land cover. 

(ii) An ANN-SCS based hybrid model. 

To overcome the limitations of the ANN based rainfall runoff model, an ANN-SCS based 

hybrid model has been developed where the SCS-CN model has been used to determine the 

runoffs at different sub-catchments of the Subansiri basin. The land use/land cover is an 

important parameter input to the SCS-CN model. The CN is estimated based on the 

hydrologic soil group (HSG), land use/land cover and hydrologic conditions. Thus, this 

hybrid model can be used for better simulation of runoff of Subasnsiri River. 

7.2 Materials and Method 

7.2.1 Data used 

Rainfall data: The rainfall data as simulated by multiple non-linear regression based 

statistical downscaling method from 1990 to 2099 have been used to study its impact on 

runoff of Subansiri River. 

Discharge data: Daily discharge data from 1990 to 2014 at Khabulighat gauge station of the 

river Subansiri have been collected from the Assam State Water Resources Department. 

Land use/land cover data: Land use land cover maps prepared by supervised classification 

method from 2002 to 2012 as described in Chapter 5 have been used in the SCS model.  

Soil map: The USDA National Resource Conservation Service (NRCS) soils have been used 

in this study. The raw soil map has been processed in Erdas Imagine and ArcGIS software for 

georeferencing and digitization (Fig.7.1). The entire study area has been divided into five soil 

types as given in Table 7.1. 

 

  

TH-1585_10610426



177 
 

                    Table 7.1: Soill types as per USDA NRCS and their description 

Soil Type Description 

1. Alfisols Soil high in silt size and larger particles 

2. Entisols Loamy and clayey soil 

3. Vertisols Soil with high clay content 

4. Inceptisols Very fine sand and loamy fine sand 

5. Histosols Highly porous soil 

These soil types are divided into four Hydrologic Soil Groups as given in Table 7.2. 

 Table 7.2: Division of soil types according to Hydrologic Soil Group 

Soil types Hydrologic Soil Group 

Inceptisols and Histosols Group A 

Alfisols Group B 

Vertisols Group C 

Entisols Group D 

 

 

Fig.7.1: Soil map for the Subansiri River basin 
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7.2.2 Runoff Simulation of the Subansiri River 

In this study, the runoff of Subansiri River has been simulated using two different methods: 

a) By developing an Artificial Neural Network based rainfall-runoff model where 

rainfall has been considered as the only input 

b) By developing an ANN-SCS based Hybrid Model 

The runoff has been simulated up to the year 2099 for both the models and their efficiency 

has been compared on the basis of coefficient of correlation (R) values obtained while 

running the ANN models. 

To perform the analysis, the entire Subansiri catchment has first been divided into eleven 

sub-catchments. The delineation of sub-catchments has been done in ILWIS software. These 

eleven sub-catchments have different geomorphological properties. The details of these 

properties are shown in Table 7.3.Fig. 7.2 shows the eleven different sub-catchments of the 

Subansiri basin along with the APHRODITE’s rainfall points that fall in each sub-

catchment.As discussed in chapter 6, the rainfall of Subansiri basin has been simulated at 24 

different APHRODITE’s points up to the year 2099 by non-linear regression based statistical 

downscaling technique. The average rainfall at each sub-catchment has been determinedby 

considering the rainfall of the APHRODITE’s points that fall in each sub-catchment. The 

rainfall at each sub-catchment has been analyzed for future four time steps viz., 2020-39, 

2040-59, 2060-79 and 2080-99. 

 

Fig.7.2: The eleven sub-catchments of the Subansiri basin delineated in ILWIS software  
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Table 7.3: Properties of the eleven sub-catchments of the Subansiri Basin 

Sub-

Catchments 

Perimeter 

(km) 

Area (km
2
) Drainage 

density(km/km
2
) 

Longest flow path 

length(km) 

1 380.73 3123.87 0.24 134.82 

2 352.83 3202.02 0.28 122.43 

3 322.22 2799.04 0.27 138.94 

4 368.66 2937.14 0.29 135.08 

5 316.18 2734.97 0.25 115.12 

6 390.47 3815.74 0.39 157.25 

7 271.69 3116.62 0.38 83.33 

8 267.01 2874.23 0.28 74.91 

9 466.65 3240.40 0.26 166.34 

10 343.40 3124.43 0.33 105.89 

11 423.45 3277.73 0.24 147.75 

 

7.2.2.1 Development of the Artificial Neural Network based rainfall-runoff model 

An Artificial Neural Network Model was developed to simulate the runoff of Subansiri River 

at its outlet at Khabulighat.The average rainfallsofthe respective sub-catchments have been 

put as the input to the ANN model. The ANN model was run using the time series analysis 

and this was carried out in MATLAB. The method selected in the present study is the Non-

linear Autoregressive with External (Exogenous) Input (NARX) which predicts series y(t) 

given d past values of y(t) and another series x(t) (Fig.7.3). The NARX is a recurrent 

dynamic network, with feedback connections enclosing several layers of the network. The 

NARX model is based on the linear ARX model, which is commonly used in time-series 

modeling. NARX networks can learn to predict one time series given past values of the same 

time series, the feedback input, and another time series, called the external or exogenous time 

series.   

The standard NARX network is a three-layer feedforward network, with a sigmoid transfer 

function in the hidden layer and a linear transfer function in the output layer. This network 

also uses tapped delay lines to store previous values of the x(t) and y(t) sequences. In the 

present study, y(t) is the runoff at the final outlet (Khabulighat) of the Subansiri catchment 

and x(t) are the average rainfall at each sub-catchment. Mathematically, it can be defined as, 

                           ( )   ( (   )    (   )  (   )   (   ))                               (7.1) 
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Fig. 7.3: ANN structure for rainfall-runoff model (open loop) 

Prediction is a kind of dynamic filtering, in which past values of one or more time series are 

used to predict future values. Dynamic neural networks, which include tapped delay lines are 

used for non-linear filtering and prediction. There are three kinds of target time-steps: (i) 

Training time steps which are presented to the network during training, and the network is 

adjusted according to its error, (ii) Validation time steps which are used to measure network 

generalization, and to halt training when generalization stops improving and (iii) Testing time 

steps that have no effect on training and so provide an independent measure of network 

performance during and after training. In the present study, testing, training and validation 

were performed for the period 1990 to 2014 (up to which the observed discharge data are 

available). Out of the total data, 70% were selected for training and 15% each for validation 

and testing. The number of hidden neurons selected was 15 and the number of delays selected 

was 1.  The network was created and trained in open loop form. Open loop (single-step) is 

more efficient than closed loop (multi-step) training. Open loop allows to supply the network 

with correct past outputs as it is trained to produce the correct current outputs. After training, 

the network was converted to closed loop form for multi-step prediction up to 2099. Close 

loop converts neural network open-loop feedback to closed loop. Fig.7.4 shows the NARX 

neural structure for closed loop.The preparets function available in MATLAB is used to 

prepare the input and target time series data for network simulation or training. This function 

simplifies the normally complex and error prone task of reformatting input and target time 

series. It automatically shifts input and target time series in as many steps as are needed to fill 

the initial input and layer delay states.  
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Fig. 7.4: NARX neural network (closed loop) 

Here, in this study, the monthly future runoff has been predicted for four different time steps 

viz., 2020-2039, 2040-2059, 2060-2079 and 2080-2099 by taking 1990-2014 runoff as the 

base period. 

7.2.2.3 Development of an ANN-SCS based Hybrid Model 

In the ANN based rainfall-runoff model described above, the only input considered was the 

average rainfall over each sub-catchment of the Subansiri basin. In order to increase the 

efficiency of the model and to make the simulated runoff more accurate, an attempt has been 

made to develop a hybrid model. This hybrid model is based on Artificial Neural Network 

model and SCS-CN model. The SCS approach involves the use of simple empirical formulae 

and readily available tables and curves. The empirical equation requires rainfall and a 

watershed coefficient as inputs. The watershed coefficient is called the curve number (CN), 

which is an index that represents the combination of hydrologic soil group and land use and 

land treatment classes. The model involves relationships between land cover, hydrologic soil 

group and curve number.  

The advances in Remote Sensing (RS) and Geographical Information System (GIS) 

Technologies have led to their widespread use in studies based on the improvement of 

hydrology and water resources. Nowadays, different land uses and land covers can be 

determined with the help of satellite images and the data derived can be easily used in 

hydrological studies focusing on runoff calculations and thus these provide useful input 

support for SCS model.  

In this study, runoff curve numbers were determined using remote sensing and GIS 

technique. SCS-CN model in ILWIS GIS platform has been applied to estimate variations in 
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runoff during significant rainfall events for each sub-catchment of the Subansiri River basin 

starting from 1990 to 2099. These runoffs of the eleven sub-catchments were then used as the 

input to the ANN model and the runoff of the Subansiri at final outlet has been simulated. 

7.2.2.3.1 Soil Conservation Service Curve Number Model 

Amongst the various models, ranging from complex to simple, Soil Conservation Services 

(SCS) Model is widely used for estimating runoff on small to medium sized ungauged 

drainage basins which has now been named as NRCS-CN (Natural Resources Conservation 

Service-CN) method. The runoff curve number method for the estimation of direct runoff 

from storm rainfall is well established in hydrologic engineering and environmental impact 

analysis (Ponce and Hawkins, 1996). The method was developed in 1954 by the USDA Soil 

Conservation Service (Rallison, 1980) and is described in the Soil Conservation Service 

(SCS) National Engineering Handbook section 4: Hydrology (NEH 4) (SCS, 1985). The CN 

method continues to be updated and amended with increasing data and research (Mishra and 

Singh, 1999; Jain et al., 2006), as well as innovative applications such as water quality 

modeling (Mishra and Singh, 2003) and continuous simulations (Williams and LaSeur 1976; 

Arnold et al., 1993). Many researchers have demonstrated from rainfall and runoff data that 

its key parameter CN has variable components and is not a constant for a watershed and 

varies with rainfall (McCuen, 2002; Hjelmfelt et al., 1982). Ponce and Hawkins (1996) 

pointed out the main advantages of the SCS-CN model. Theseare, (i) its simplicity; (ii) its 

predictability; (iii) its stability; (iv) its reliance on only one parameter; and (v) its 

responsiveness to major runoff-producing watershed properties. The main drawbacks of SCS- 

CN method as described by some researchers (Michel et al., 2005; Hawkins, 1993; McCuen, 

2002) include (i) it does not consider the impact of rainfall intensity; (ii) it does not address 

the effects of spatial scale, (iii) it is highly sensitive to changes in values of its single 

parameter CN and (iv) it is ambiguous considering the effect of antecedent moisture 

conditions. 

7.2.2.3.1.1 Theory of SCS Model 

The SCS-CN method is based on the principle of water balance and the following two 

hypotheses: 

i)  The ratio of direct runoff to potential maximum runoffis equal to the ratio of infiltration to   

     potential maximum retention. 

ii) The initial abstraction is proportional to the potential maximum retention.  
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The water balance equation and the two hypotheses are expressed mathematically 

respectively as:     

                                                                                                                      (7.2) 

 

    
 = 

 

 
                                                     (7.3) 

   λ                                                                                                                            (7.4) 

where, P is the total precipitation (mm),   is the initial abstraction before runoff (mm), F is 

the cumulative infiltration after runoff begins (mm), Q is direct runoff (mm), S is the 

potential maximum retention (mm), and λ is the initial abstraction (ratio) coefficient. 

The general runoff equation is the combination of Equation (7.2) and Equation (7.3) by 

taking λ=0.2 is shown in Equation (7.5): 

                                               Q =  
(    ) 

 (    )   
for P>0.2S       (7.5) 

                                                    = 0, otherwise. 

The potential maximum retention, S (mm) can vary between 0 to ∞ and is directly linked to 

CN (Curve Number). 

                                                 S=  
     

  
           (7.6) 

The CN depends on land use, hydrologic soil group, hydrologic condition, antecedent 

moisture condition (AMC) and it can vary from 0 to 100. CN equals to 100 represents a 

condition of zero potential retention (S=0), that is an impermeable watershed and CN equals 

to 0 a theoretical upper bound to the potential retention (S=∞), which is an infinitely 

abstracting watershed. While it is theoretically possible for the curve numbers to span the 

range 0-100, practical design values validated by experience are more likely to be in the 

range 40-98, with few exceptions (Van Mullem, 1989). This is a significant advantage, 

because it restricts the method’s only parameter to a relatively narrow range. 

Antecedent Moisture Condition (AMC) is an indicator of watershed wetness and availability 

of soil moisture storage prior to a storm, and can have a significant effect on runoff volume. 

Recognizing its significance, SCS developed a guideline for adjusting CN according to AMC 

based on total rainfall in the 5-day period preceding a storm. Three levels of AMC are used in 

the CN method: AMC-I for dry, AMC-II for normal and AMC-III for wet conditions (Table 

7.4). 
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    Table 7.4: Classification of Antecedent Moisture Conditions 

AMC AMC(Dormant) 

(mm) 

AMC(Growing) 

(mm) 

Condition 

I <12.5 <35 Dry soil but not the wilting point. 

II 12.5-27.5 35-52.5 Average conditions 

III >27.5 >52.5 Saturated soils 

Higher amount of antecedent moisture and CN value would indicate high runoff and vice 

versa.  Apart from the AMC condition, much of the variability of CN has been attributed to 

soils in a way that soils that are wetter have a higher curve number, creating more runoff for a 

given amount of precipitation, than soils that are drier (Streenhuis et al., 1995; Soulis et al., 

2009; Huang et al., 2007). 

Hydrologically soils are assigned into four groups on the basis of intake of water on bare soil 

when thoroughly wetted (Table 7.5). The Hydrologic Soil Group classification can be based 

on texture of distributed soil.  

 Table 7.5: Hydrologic Soil Group 

Hydrologic 

Soil Group 
Infiltration Rate (mm/hr) Soil Texture 

A High >25 Sand, Loamy Sand, or Sandy Loam 

B Moderate 12.5-25 Silt Loam or Loam 

C Low 2.5-12.5 Sandy Clay Loam 

D Very low <2.5 Clay Loam, Silty Clay, Sandy Clay, Silty 

Clay or Clay 

 

The CN values corresponding to the catchment soil types, land cover and land management 

conditions can be selected from NEH-4 tables. The CN value of AMCII(CNII) was provided 

by the SCS CN manual and the CN value of AMC I (CNI) and CN value of AMC III (CNIII) 

can be calculated by applying the following equations (USDA, 1985): 

    
(        

    (          ) 
                                      (7.7) 

 

      
(       )

    (         )
                                      (7.8) 

 

The flowchart for detailed methodology of SCS-CN method is shown in Fig. 7.5.  
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Fig.7.5: Methodology for surface runoff estimation (SCS Model) 

The various input parameters required for SCS model for runoff estimation have been derived 

in GIS environment in raster module. The land use/land cover map and the Hydrologic Soil 

Group maps are combined using the curve number table into a curve number map. By 

integrating all the GIS layers with the meteorological data, runoff has been computed for 

each sub-catchment of the Subansiri basin. 

7.2.2.3.2Calculation of Curve Numbers 

The key component of the NRCS runoff equation is the NRCS Curve Number (CN), which is 

based on soil permeability, surface cover, hydrologic condition, and antecedent moisture. As 

discussed in Chapter 5, the land use/land cover (LULC) maps for the Subansiri River basin 

have been prepared from 2002 to 2012 by supervised classification method. The average 

Curve Numbers (CN) for these eleven years were calculated on the basis of land use/cover 

type and hydrologic soil class for each sub-catchment. Appropriate CN values corresponding 
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to AMC-II have been assigned to each polygon obtained from cross map between land use 

and soil maps in ILWIS GIS software.The average CN number of the watershed obtained 

from the histogram of CNMAP was considered as the CN-II for the entire watershed. The 

CN-I and CN-III have then been calculated using equations (7.7) and (7.8) respectively. S1, 

S2 and S3 values were calculated using Eq. (7.6). By applying the AMC conditions, the curve 

numbers have been calculated for each sub-catchment. CN-I was obtained for January, 

February, March, November and December, CN-II was obtained for the months of April, 

September and October while CN-III was obtained for May, June, July and August.  

7.2.2.3.3Creation of different land use/land cover scenarios 

The parameter defined by land use allows the user to experiment with alternative forms of 

land development and management and to assess the impact of the proposed changes. The 

change of landuse has had a considerable impact on the runoff characteristics and related 

hydrological processes.  

To assess the effect of change in land use/land cover on the flow scenario of the river 

Subansiri, three different land use/land cover scenarios have been created for the Subansiri 

basin. As discussed in Chapter 5, the dense vegetation and snow cover area over the basin 

had decreased during 2002 to 2012. On the other hand light vegetation and bare soil had 

increased during this period. On the basis of these changes, further changes on the LULC 

categories have been incorporated to create the following LULC scenarios. 

Scenario1 

Under this scenario, it has been assumed that the land use/land cover conditions of the year 

2012 will not change in the future and will remain constant up to the year 2099. In other 

words, the CNII value of 2012 has been assumed to be constant in the future and runoff for 

each sub-catchment has been calculated accordingly. 

Scenario 2 

Under this scenario, four different sub-scenarios have been created to determine the future 

runoff. These four sub-scenarios were for four different time steps viz. 2020-2039, 2040-

2059, 2060-2079 and 2080-2099. 

Sub-scenario1: Bare land over clayey soil, dense vegetation over very fine sand and snow 

cover area over fine sand is reduced which was assumed to be covered by light vegetation 

and surface water bodies for the period 2020-2039.  
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Sub-scenario2: Under this scenario, further reductions have been made in bare land, dense 

vegetation and snow cover area over soil with high clay and silt content for the period 2040-

2059. These were then assumed to be covered by light vegetation and surface water bodies.  

Sub-scenario3: Under this scenario, it is assumed that area covered by light vegetation over 

very fine sand is reduced resulting in the formation of bare land for the period 2060-2079. 

Sub-scenario4:For the period 2080-99, in addition to the assumptions made in the previous 

sub-scenarios, it was assumed that due to melting of snow, which is the result of global 

warming,  the snow cover area over the region would be reduced more which in turn will 

result in the increase in surface water bodies. 

Scenario3 

Under this scenario too four different sub-scenarios have been created. The LULC conditions 

applied are same as those for the sub-scenarios of the Scenario 2. The difference is that in 

Scenario 2, each sub-scenario was for the different time periods, and here in Scenario 3 it has 

been assumed that these four different LULC conditions would remain constants for the 

period 2020-99.  

The runoff from each of the eleven sub-catchments were determined using SCS- Curve 

Number method for each of the aforementioned land use/land cover scenarios up to the year 

2099. These calculated eleven different runoffs were put in the ANN model as the inputs. 

Observed runoff data at Khabulighat is available from 1990 to 2014, which has been used as 

the output to the ANN model. The CNII value obtained for the year 2002 has been considered 

to be constant from 1990 to 2002 and accordingly the runoff was determined for this period. 

Future four sets of runoff values have been predicted viz. 2020-2039, 2040-2059, 2060-2079 

and 2080-2099. The assumed different land use/land cover scenarios are tabulated in table 

7.6. 
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 Table7.6: Different land use/land cover scenarios created 

 

Scenario1 
Scenario2 Scenario3 

S21 S22 S23 S24 S31 S32 S33 S34 

No change in 

land use/land 

cover has been 

assumed from 

2012 to 2099. 

2020-39 2040-59 2060-79 2080-99  

S21 conditions 

are kept 

constant from 

2020-2099. 

 

S22 conditions 

are kept 

constant from 

2020-2099. 

 

S23 

conditions 

are kept 

constant 

from 2020-

2099. 

 

S24 conditions 

are kept 

constant from 

2020-2099. 

Area 

covered by 

BS, DV, 

SCA is 

reduced and 

filled up 

with LV and 

SWB. 

In addition to 

S21, BS, DV 

and SCA is  

reduced more 

and were 

assumed to 

be covered 

by LV and 

SWB 

In addition 

to 

condition 

S22, the LV 

is reduced 

and was 

assumed to 

be covered 

by BS. 

SCA is 

reduced 

more and 

SWB has 

been 

increased 

 

BS: Bare soil; DV: Dense vegetation; LV: Light vegetation; SWB: Surface water body; SCA: Snow cover area 

S21, S22, S23, S24: Sub-scenarios 1, 2, 3 and 4 respectively under scenario2 

S31, S32, S33, S34: Sub-scenarios 1, 2, 3 and 4 respectively under scenario3 
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As described in section 7.2.2.2, in this hybrid model also, the ANN model was run using the 

time series analysis and the method selected is the Non-linear Autoregressive with External 

(Exogenous) Input (NARX). NARX predicts series y(t) given d past values of y(t) and 

another series x(t). In this case, y(t) represents the runoff of Subansiri at final outlet while x(t) 

represents the runoffs at each of the eleven sub-catchments of the Subansiri basin. The 

overall methodology to simulate future runoff at Khabulighat by the two different models is 

shown in Fig.7.6 below. 

 

 

Fig.7.6: Flowchart showing the methodology adopted to simulate future runoff 

7.3 Results and Discussions 

7.3.1Sub-catchment wise rainfall analysis for each time step 

The changes in rainfall in each sub-catchment for the different time steps have been analyzed. 

The future trends obtained for different sub-catchments for the period 2020-39 are shown in 

Fig. 7.7. 
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Fig. 7.7: Sub-catchment wise changes in rainfall trends for the period 2020-39 

It is observed from the Fig. 7.7 that during 2020-39, there is either an increasing trend of 

rainfall or the rainfall remains almost the same for the different sub-catchments. For the sub-

catchments 1, 4 and 9, the rainfall will remain the same, whereas for the other sub-catchments 

there is a possibility that rainfall will slightly increase during this time period. 

The future trends obtained for different sub-catchments for the period 2040-59 are shown in 

Fig. 7.8. Unlike the period 2020-39, the rainfall shows decreasing trend for each of the sub-

catchments during the period 2040-59. However, for the sub-catchments 3, 6 and 11, the 

decrease in rainfall is almost negligible.  
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Fig. 7.8: Sub-catchment wise changes in rainfall trends for the period 2040-59 

The future trends obtained for different sub-catchments for the period 2060-79 are shown in 

Fig. 7.9.Both increasing and decreasing trends of rainfall are observed during the period 

2060-79 for the different sub-catchments. For the sub-catchments 1, 2, 3, 5, 6, 9 and 11, the 

rainfall does not show any significant variation.Increasing trends of rainfall are observed in 

sub-catchments 4 and 8, whereas, rainfall shows decreasing trends for the sub-catchments 7 

and 10. 
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Fig. 7.9: Sub-catchment wise changes in rainfall trends for the period 2060-79 

 

 

Fig. 7.10: Sub-catchment wise changes in rainfall trends for the period 2080-99 

While analyzing the rainfall trends for the time period 2080-99, it has been observed that the 

rainfall during this period, either remains unchanged or decreases for the different sub-
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catchments. No significant change of rainfall is observed for the sub-catchments 1, 3 and 7. 

For rest of the sub-catchments the rainfall shows decreasing trends during 2080-99. 

The future trends of rainfall for each sub-catchment have also been analyzed for the entire 

period from 2020-99 for each sub-catchment. Fig. 7.11 shows the future trends of Subansiri 

basin at the eleven sub-catchments for 2020-99. 

 

 

Fig. 7.11 Trends showing future rainfall from 2020-99 at different sub-catchments of the 

Subansiri basin 

The linear trend plotted for each sub-catchment reveals that there will be a decrease in 

rainfall at each of the eleven sub-catchments of the Subansiri basin from 2020 to 2099. 

However, it is seen that for the sub-catchment 3, the decrease in rainfall during this period is 

not significant. As a whole, the entire Subansiri catchment thus will experience less rainfall 

from 2020 to 2099 which is mainly due to change in climate.  

 

 

 

TH-1585_10610426



194 
 

7.3.2 Runoff analysis for ANN based rainfall-runoff model 

The ANN model run by considering the average rainfall at each sub-catchment as the input 

has been analyzed for future four different time steps viz., 2020-39, 2040-59, 2060-79 and 

2080-99. Fig.7.8 gives the regression plot for the study. 

 

Fig.7.12: Regression plot for ANN based rainfall-runoff model 

 

The coefficient of correlation (R) values obtained are 0.94, 0.81 and 0.73 respectively for 

training, validation and testing phase. Though the 0.73 value of R for testing phase is not 

satisfactory, yet the overall R value obtained as 0.89 shows a good correlation between 

observed and the simulated data. This depicts that the model can be used efficiently for runoff 

simulation.   

The future runoff predicted from this model is shown in bar diagram in Fig.7.13. 
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Fig.7.13: Bar diagrams representing the runoff of Subansiri river for different time steps as 

obtained   from ANN based rainfall-runoff model 

 

It has been observed from the result that except for August and September, for the other ten 

months, the runoff for the time step 2020-39 decreases compared to the runoff for the period 

1990-2014. Again, compared to 2020-39, the runoff first increases for 2040-59 and then 

decreases from 2060 to 2099 for the months of January, February, March, April, October, 

November and December. On the other hand, for May, June and August it has been observed 

that runoff continuously increases from 2020-39 to 2080-99. For September, rainfall first 

increases from 2020-39 to 2060-79 and then decreases for 2080-99. There are possibility of 

occurrence of 5000-6000 cumec of runoff during 2060-79 and 2080-99 for June, July and 

August. 

The linear trends of future runoff have been analyzed for the four different time periods and 

for the entire period from 2020-99. The trends are shown in Fig. 7.14. 
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Fig. 7.14: Trends showing future runoff simulated by ANN based rainfall-runoff model for 

different time periods 

It is seen from the plots that no significant change in runoff will occur during 2020-39. 

However, for other three time periods, the runoff shows decreasing trends. Decreasing trend 

of future runoff is also observed for the entire period from 2020-99. It is due to the fact that 

the rainfall during these time periods also showed decreasing trend as discussed in chapter 6 

(Fig. 6.8). Thus, it implies that less the rainfall, less will be the runoff and vice versa. 

7.3.3 Runoff analysis by ANN-SCS based hybrid model 

Considering three different land use/land cover scenarios, the runoff of the Subansiri River 

has been determined using an ANN-SCS based hybrid model.  

7.3.3.1 Curve numbers for different sub-catchments 

The curve number maps were prepared in ILWIS GIS software to determine the CNII values. 

The maps have been prepared for the Subansiri basin from 2002 to 2012 as shown in 

Fig.7.15. 
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Fig.7.15: Curve number maps of the Subansiri Basin from 2002 to 2012 
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From these CN maps of the entire Subansiri basin, the CN maps of eleven different sub-

catchments have been prepared for each of the year from 2002 to 2012. As an example, 

Fig.7.16 shows the CN maps prepared for each sub-catchment for the year 2005. 
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Fig.7.16: Curve number maps of eleven sub-catchments of the Subansiri Basin for the year 

2005 
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It is seen from the maps that CN values vary between 26 and 100 for the Subansiri basin. The 

average CN value obtained from the histogram of each sub-catchment has been considered as 

CN II.  

The CN values for the scenarios were calculated and the values are shown in Table7.7 (a,b,c) 

and Table 7.7 respectively. In the tables, SC stands for sub-catchment and SS stands for sub-

scenario. 

Table7.7(a): CNI values for each sub-catchment for the Scenario1 

CNI SC1 SC2 SC3 SC4 SC5 SC6 SC7 SC8 SC9 SC10 SC11 

1990-2002 51.3 50.1 48.9 43.9 46.0 46.8 65.8 75.1 40.6 65.4 40.6 

2003 51.7 48.9 50.8 46.0 48.9 48.9 63.4 67.5 45.6 63.7 44.6 

2004 53.0 51.4 48.9 45.0 48.4 47.9 65.2 76.9 45.2 61.9 40.6 

2005 54.1 53.8 51.9 45.1 49.8 46.6 65.8 75.1 43.6 66.7 43.6 

2006 54.8 51.7 51.5 43.3 46.6 48.9 68.0 72.2 40.6 65.4 40.6 

2007 54.2 51.9 52.5 46.6 48.4 45.0 65.2 73.9 46.4 66.4 40.1 

2008 58.2 53.8 48.9 45.0 46.0 46.8 65.7 72.9 45.9 67.5 46.8 

2009 58.9 52.8 48.9 49.4 48.9 47.7 68.0 75.1 47.7 65.4 44.6 

2010 54.8 54.3 53.0 45.1 49.8 48.9 71.2 72.2 45.9 63.7 46.8 

2011 63.3 55.5 51.6 47.9 48.9 50.1 72.4 72.2 46.4 64.2 46.4 

2012-2020 61.8 58.0 52.3 49.4 53.6 53.6 74.3 73.9 49.4 65.4 48.1 

The CN I values for the different sub-catchments lie between 40.1 and 75.1. The minimum 

has been obtained for sub-catchment 11 in 2007 and the maximum has been obtained in 2009 

for the sub-catchment 8. 

Table7.7(b): CNII values for each sub-catchment for the Scenario1 

CNII SC1 SC2 SC3 SC4 SC5 SC6 SC7 SC8 SC9 SC10 SC11 

1990-2002 71.5 70.5 69.5 65.1 67.0 67.7 82.1 87.8 61.9 81.8 61.9 

2003 71.8 69.5 71.1 67.0 69.5 69.5 80.5 83.2 66.6 80.7 65.7 

2004 72.9 71.6 69.5 66.1 69.1 68.7 81.7 88.8 66.3 79.5 61.9 

2005 73.7 73.5 72.0 66.2 70.3 67.5 82.1 87.8 64.8 82.7 64.8 

2006 74.3 71.8 71.7 64.5 67.5 69.5 83.5 86.1 61.9 81.8 61.9 

2007 73.8 72.0 72.5 67.5 69.1 66.1 81.7 87.1 67.3 82.5 61.5 

2008 76.8 73.5 69.5 66.1 67.0 67.7 82.0 86.5 66.9 83.2 67.7 

2009 77.4 72.7 69.5 69.9 69.5 68.5 83.5 87.8 68.5 81.8 65.7 

2010 74.3 73.9 72.9 66.2 70.3 69.5 85.5 86.1 66.9 80.7 67.7 

2011 80.4 74.8 71.7 68.7 69.5 70.5 86.2 86.1 67.3 81.0 67.3 

2012-2020 79.4 76.7 72.3 69.9 73.3 73.3 87.3 87.1 69.9 81.8 68.8 

 

The CN II values for different sub-catchments vary between 61.9 and 88.8.  
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Table7.7(c): CNIII values for each sub-catchment for the Scenario1 

CNIII SC1 SC2 SC3 SC4 SC5 SC6 SC7 SC8 SC9 SC10 SC11 

1990-2002 85.2 84.6 83.9 81.1 82.4 82.8 91.3 94.8 78.8 91.2 78.8 

2003 85.4 83.9 84.9 82.4 83.9 83.9 90.4 91.9 82.1 90.6 81.5 

2004 86.1 85.3 83.9 81.7 83.7 83.5 91.1 94.8 81.9 89.9 78.8 

2005 86.6 86.4 85.5 81.8 84.5 82.7 91.3 94.3 80.8 91.6 80.8 

2006 86.9 85.4 85.4 80.6 82.7 83.9 92.1 93.4 78.8 91.2 78.9 

2007 86.6 85.5 85.8 82.7 83.7 81.7 91.1 93.9 82.6 91.6 78.6 

2008 88.4 86.4 83.9 81.7 82.4 82.8 91.3 93.6 82.3 91.2 82.8 

2009 88.7 85.9 83.9 84.2 83.9 83.3 92.1 94.3 83.3 90.6 81.8 

2010 86.9 86.7 86.1 81.8 84.5 83.9 93.1 93.4 82.3 90.5 82.8 

2011 90.4 87.2 85.4 83.5 83.9 84.6 93.5 93.4 82.6 90.7 82.5 

2012 89.8 88.3 85.7 84.2 86.3 86.3 94.0 93.9 84.2 91.2 83.5 

 

The CNIII values of the sub-catchments lie between 78.8 and 94.8. 

 

Table7.8: CN values for each sub-catchment for each of the sub-scenarios under the 

Scenario2 

 SC1 SC2 SC3 SC4 SC5 SC6 SC7 SC8 SC9 SC10 SC11 

CNI            

SS1(2020-39) 57.1 56.9 50.1 42.8 51.4 50.1 75.8 75.1 47.5 60.9 44.7 

SS2(2040-59) 51.7 52.8 49.4 47.9 51.2 49.4 74.6 74.6 48.3 57.1 44.9 

SS3(2060-79) 62.1 60.4 55.1 57.8 58.2 55.1 74.6 74.6 54.6 57.6 51.3 

SS4(2080-99) 58.4 57.7 52.3 55.2 55.2 52.3 73.1 73.1 51.3 57.6 51.3 

CNII            

SS1(2020-39) 76 75.9 70.5 64.1 71.6 70.5 88.2 87.8 68.3 78.8 65.8 

SS2(2040-59) 71.8 72.8 69.8 68.7 71.4 69.8 87.5 87.5 69 76 66 

SS3(2060-79) 79.6 78.4 74.5 76.6 76.8 74.5 87.5 87.5 74.1 76.4 71.5 

SS4(2080-99) 77 76.5 72.3 74.6 74.6 72.3 86.6 86.6 71.5 76.4 71.5 

CNIII            

SS1(2020-39) 87.9 87.9 84.6 80.4 85.3 84.6 94.5 94.3 83.2 89.5 81.6 

SS2(2040-59) 85.4 85.9 84.2 83.5 85.2 84.2 94.2 94.2 83.6 87.9 81.7 

SS3(2060-79) 89.9 89.3 87.0 88.2 88.2 87.0 94.1 94.1 86.8 88.1 85.2 

SS4(2080-99) 88.5 88.2 85.7 87.1 87.1 85.7 93.6 93.6 85.2 88.1 85.2 

 

The CNI values lie between 42.8 and 75.8, the CNII values lie between 65.8 and 88.2 and the 

CNIII values lie between 80.4 and 94.5. 
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7.3.3.2 Performance of ANN-SCS based hybrid model and future runoff prediction 

The simulated rainfalls have been used to calculate runoff of Subansiri catchment. The runoff 

at each sub-catchment was determined by the SCS curve number method up to the year 2099 

by taking different CN values obtained for the different scenarios created. The runoff at the 

final outlet has been calculated using ANN time series analysis. The R value graphs for 

training, testing and validation are shown in Fig.7.17. 

 

                       Fig.7.17: Regression plot for ANN-SCS based hybrid model 

The coefficient of correlation (R) values obtained for training, validation and testing are 0.95, 

0.89 and 0.92 respectively with an overall R value of 0.93. This indicates that the model is 

efficient enough to be used for simulation of runoff of Subansiri. 

Considering 1990 to 2014 runoff as the base, the future monthly runoff has been predicted for 

all the scenarios for four different time periods viz. 2020-2039, 2040-2059, 2060-2079 and 

2080-2099. 

Results of the Scenario 1 
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The results of the Scenario 1 show that for the month of January, compared to 1990-2014, the 

runoff increases for the period 2020-2039 and then decreases gradually for the rest of the 

time periods. The same result has been observed for the month of February as well. For the 

months of March, April and May, runoff increases gradually from 2020-2039 to 2080-2099. 

For the month of July, runoff first decreases from 2020-2039 to 2060-2079 but increases for 

the period 2080-2099. November and December show similar changes in runoff. For these 

two months, runoff first slightly decreases for 2020-2039 compared to the base period 1990-

2014. But, from the period 2040-2059 up to 2080-2099, the runoff increases gradually. For 

the month of September, runoff first increases for 2020-2039 and 2040-2059 and then started 

decreasing for the rest of the time periods i.e. for 2060-2079 and 2080-2099. The runoff 

decreases gradually for the month of October. For the month of August, compared to the base 

period, runoff first increases for the period 2020-2039 and then it suddenly got decreased for 

the next period i.e. 2040-2059 and then showed an increasing trend for the next two time 

periods i.e. 2060-2079 and 2080-2099. Fig.7.18 shows the graphical representation of the 

result of the first scenario. The maximum and minimum runoffs contributed to the annual 

total runoffs have been analyzed as follows: 

For the period 2020-39 and 2040-59, the maximum and minimum runoffs are observed for 

the months June and February respectively. The runoffs in August and February are observed 

to be the maximum and minimum respectively for the period 2060-79. For 2080-99, July and 

October correspond to the maximum and minimum runoffs. 

 

 

Fig.7.18: Future runoff obtained from Scenario1 
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The linear trends of future runoff generated under the Scenario 1 have been analyzed for the 

different time periods and are given in Fig. 7.19. 

 

 

Fig. 7.19: Future trends of runoff of the Subansiri River generated under scenario 1 for 

different time steps 

It is observed that, under this scenario, for all the time steps, the runoff shows decreasing 

trend. While analyzing the trend from 2020-2099, no significant change is observed during 

the entire period. This is due to the fact that, for this scenario, the land use/land cover 

conditions were considered as constant from 2020 to 2099. 

Results of the Scenario 2 

Under the Scenario 2, four different sub-scenarios were created for four different time periods 

viz., 2020-39, 2040-59, 2060-79 and 2080-99. The results show that except for the month of 

April and August, for all other months, the runoff first decreases in the period 2020-39 

compared to the base period i.e.1990-2014. The month wise runoff trends for each period are 

explained below: 

For the months of January and February, runoff first decreases during 2040-59 compared to 

2020-39 and then increases again for the next two periods i.e. 2060-79 and 2080-99. Runoff 

shows an increasing trend from 2020-39 to 2080-99 for March, April, May, June, July, 

August and November.  For September and October, runoff first increases compared to 2020-

39 and then again start decreasing for 2060-79 and 2080-99. For December, the runoff 

decreases for the period 2040-59 compared to 2020-39 and then again gradually increases for 

the rest of the periods (Fig.7.20). 

For the sub-scenario1 (2020-39), the maximum and minimum runoffs are observed in the 

months of June and March, while for the sub-scenario2 (2040-59), July and March 
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experience the maximum and minimum runoffs respectively. The maximum and minimum 

runoffs are observed in the months of July and November for the sub-scenario3 (2060-79) 

and for sub-scenario4 (2080-99), the maximum and minimum runoffs are observed in the 

months August and November respectively. 

 

Fig.7.20: Future runoff obtained from Scenario2 

 

The future runoff trends have been analyzed for different time steps and are shown in Fig. 

7.21. 

 

 

Fig. 7.21: Future trends of runoff of the Subansiri River generated under scenario 2 for 

different time steps 
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For all the time steps, including the entire period from 2020-99, the runoff show increasing 

trends. This is attributed to the fact that under this scenario, various land use/land cover 

changes have been considered. The decrease in vegetation and snow cover area has major 

contributions towards the increase in runoff of the Subansiri River in future. 

Results of the Scenario 3 

Under this scenario the four sub-scenarios created under the Scenario2 have been applied 

separately for the period 2020 to 2099 and runoff was calculated for the four different time 

periods,2020-39, 2040-59, 2060-79 and then 2080-99.  

The result of the first sub-scenario shows that from 2020-2039 to 2080-2099, the runoff 

shows an increasing trend for the month of January, February, March, June, July, August and 

September. For the month of April, runoff suddenly decreases for the period 2060-79 

compared to the previous periods and then again increases for 2080-99. Runoff in the period 

2040-59 decreases compared to 2020-39 for the month of May and then again increases for 

the rest of the periods. October, November and December shows similar trends where, runoff 

increases from 2020-39 to 2060-79 but decreases again for 2080-99. 

For other three sub-scenarios too, the runoff trend was similar to the trend showed in the 1
st
 

sub-scenario but with different runoff values. Results are shown in graphical form in 

Fig.7.22. 

For the 1
st
 sub-scenario, the maximum runoffs are observed in May, June, June and July for 

2020-39, 2040-59, 2060-79 and 2080-99 respectively while the minimum are observed in 

December, January, April and February respectively. 

The maximum runoffs as predicted for the for 2
nd

 sub-scenario are in May, June, July and 

July and minimum are in November, December, February and January respectively for the 

time steps 2020-39, 2040-59, 2060-79 and 2080-99. 

For the 3
rd

 sub-scenario, the month May experiences the maximum runoff for the period 

2020-39 while for the time periods 2040-59 and 2060-79, the maximum runoff is observed at 

the month of June. For 2080-99, the maximum runoff is observed in July. January, February, 

January and December show minimum runoffs for the four time steps respectively. 

Similar to the 3
rd

 sub-scenario, for the 4
th

 sub-scenario also the maximum runoffs are 

observed in the months May and June for the four time periods, while the minimum is 

observed in January for all the time steps. 
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Fig.7.22: Future runoff obtained four different sub-scenarios under the Scenario3 

 

The future runoff trends that would occur under these four sub-scenarios have been analyzed 

for the different time steps including the entire period from 2020-99 are shown in Fig. 7.23, 

7.24, 7.25, 7.26 and 7.27. 

 

Fig.7.23: Future runoff trend analysis of the Subansiri River for the period 2020-39 under 

four different sub-scenarios 
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Fig.7.24: Future runoff trend analysis of the Subansiri River for the period 2040-59 under 

four different sub-scenarios 

 

 

 

Fig.7.25: Future runoff trend analysis of the Subansiri River for the period 2060-79 under 

four different sub-scenarios 
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Fig.7.26: Future runoff trend analysis of the Subansiri River for the period 2080-99 under 

four different sub-scenarios 

 

 
Fig.7.27: Future runoff trend analysis of the Subansiri River for the period 2020-99 under 

four different sub-scenarios 

It is seen that for all the time periods, under the four sub-scenarios, the future runoff show 

increasing trends. Exception is the period 2060-79, where for all the sub-scenarios, the future 

runoff trends does not show any significant change. However, for sub-scenario 1, the runoff 

shows a slightly increasing trend during this time period. 

The increase and decrease of runoffs at various time periods for all the scenarios is primarily 

because of the change in the LULC pattern. For example, evapotranspiration and interception 

decrease after trees and vegetations are removed in the process of urbanization. Also, an 

increase in impervious area due to the construction of houses, streets and culverts reduces 
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infiltration and shorten the time of concentration. Generally, land development &  

urbanization  cause  increase  in  peak discharge  and  runoff  volume. 

Snowmelt water also contributes to the runoff of the river. However, the contribution of 

snowmelt to runoff varies with interaction between climatic factors and environmental factors 

(Li and Simonovic, 2002). Temperature is identified as critical factor that affects watershed 

hydrological process because of its contribution to snowmelt, evaporation, surface soil frost 

and thaw (Anderson, 1973; Tanasienko and Chumbaev, 2008). The runoff-temperature 

relationship exhibits a global positive correlation (Labat et al., 2004). Moreover, when the 

area of dense vegetation decreases and is covered by light vegetation and surface water 

bodies, it results in a higher value of curve number which will lead to the increase in runoff.  

The reverse case in few particular months may be attributed to other climatic parameters 

apart from the land use/land cover changes, as climatic parameters have been believed to be 

the main factors to influence runoff generation. 

7.3.4 Comparison of ANN based rainfall-runoff model and ANN-SCS based Hybrid 

model 

In the present study, the runoff of Subansiri has been simulated by two different methods viz., 

an ANN based rainfall-runoff model where only rainfall has been considered as the input to 

the model and an ANN-SCS based hybrid model where the input considered are the runoff of 

eleven different sub-catchments of the Subansiri River basin. In the second method, runoff 

for each sub-catchment has been determined by the SCS-CN method where rainfall, land 

use/land cover scenario and hydrologic soil group are the main inputs. 

The training, validation and testing of both the ANN models havebeen performed by the time 

series analysis in MATLAB software and the regression plots of ANN based rainfall runoff 

model and ANN-SCS based hybrid model are shown in Fig.7.12 and 7.17 respectively. It is 

observed from the figures that, the R values for training, validation and testing are less in the 

simple ANN based rainfall-runoff model compared to the ANN-SCS based hybrid model. 

The R values are given in Table 7.9.  

Table 7.9: R values for the two different runoff simulation models 

Model 
R values 

Training Validation Testing All R 

ANN based rainfall-runoff 

model 
0.94 0.81 0.73 0.89 

ANN-SCS based hybrid 

model 
0.97 0.89 0.92 0.93 
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It is clear from table 7.9 that the R values obtained during training, validation and testing for 

the ANN-SCS base hybrid model are 0.97, 0.89 and 0.92 which are better compared to the R 

values obtained for simple ANN based rainfall runoff model (0.94, 0.81 and 0.73 for training, 

validation and testing respectively). The overall R value for the hybrid model is 0.93 which is 

better than the all R value of 0.89 obtained for the simple ANN model. This implies that the 

ANN-SCS based hybrid model is a better performing model and could efficiently be used to 

simulate river runoff. 

7.4 Conclusions 

In this study, the runoff of the Subansiri River at Khabulighat outlet has been simulated using 

two different models, a simple ANN based rainfall-runoff model and an ANN-SCS based 

hybrid model. To perform the analysis the entire Subansiri basin has been divided into eleven 

different sub-catchments and the average rainfall at each sub-catchment has been determined. 

The rainfall at each sub-catchment has been analyzed for future four time steps, 2020-39, 

2040-59, 2060-79 and 2080-99. The rainfall analysis for the entire period from 2020-99 

showed that the different sub-catchments of the Subansiri basin will experience less rainfall 

in the future.  

The average rainfall for each sub-catchment has been put as the input to the ANN based 

rainfall-runoff model. Decreasing trend of runoff of Subansiri has been observed for the four 

different time steps, which is because rainfall also showed decreasing trends in future and it 

has direct impact on runoff. The runoff of the river has also been simulated using ANN-SCS 

based hybrid model. The runoffs at eleven different sub-catchments have been determined 

using SCS curve number method. Different land use/land cover scenarios have been created 

to study their effect on runoff of the river. While analyzing, the output from all the scenarios, 

it has been observed that the mean runoff increases for most of the months from 2020 to 2099 

except for a few particular months. This may be attributed to various other climatic factors 

apart from the scenarios created in this study on the basis of land use/land cover changes. 

Moreover, except for the scenario 1, the runoffs show increasing trends for different future 

time under the conditions considered for the scenarios 2 and 3. 

The performance of both the models has been assessed on the basis of R values. The ANN-

SCS based hybrid model gave better R values compared to the simple ANN based rainfall-

runoff model. This depicts better simulation efficiency of the ANN-SCS based hybrid model. 
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CHAPTE 8 

 DETERMINATION OF FUTURE POWER POTENTIAL OF 

THE SUBANSIRI LOWER HYDRO ELECTRIC PROJECT 

 

8.1 Introduction 

8.1.1 Hydroelectric Power Plant 

Rivers have been altered for human development for many years and it is now almost 

impossible to find a river that has not been modified for one purpose or another (Sheail, 

1988). Dams are one of the major ways where river systems have been directly altered 

(McCartney, 2009). In a hydroelectric power plant, a dam is constructed across a river to 

raise water to a desired level and to regulate the flow as per rules, to create a reservoir. It also 

consists of a station where the process of generation of electric power takes place. 

Hydropower is called renewable source of energy as it uses and not consumes the water for 

generation of electricity, and the hydropower leaves this vital resource available for other 

uses. 

The advantages of hydropower as identified by experts the world over include the following: 

i. It saves scarce fossil fuels 

ii. It is relatively non-polluting and hence is environment-friendly 

iii. It has higher efficiency (about 90%) as compared to thermal (around 35%) and gas 

(around 50%) 

iv. By storing water it increases water availability to flora and fauna around it 

v. The emission of greenhouse gases from hydropower projects is comparatively less 

than fossil fuel power plants of equal capacity and hence it helps in reducing global 

warming 

vi. Unlike the thermal plant where the plant life is limited, the hydropower plant has long 

operating life 

vii. As the hydropower plants are located in remote regions, it leads to the development of 

backward areas. 

viii. It provides additional benefits in terms of irrigation, flood control, drinking water 

supply, recreation, navigation, pisciculture, tourism etc. 
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8.1.2 Downstream Impact of reservoir operation 

Construction of dams modifies the downstream flow regime by altering the discharge of a 

river. However, the change in discharge is highly dependent on the size and purpose of the 

dam, but all are expected to have some impact on the hydrology of river downstream 

(Williams and Wolman,1984). Not only discharge, but the sediment regime of a river also 

gets altered due to construction of dams. Dams control and alter the natural flow regimes of 

rivers and in the process can have distinct effect on sediment supply (Baxter, 1977; Newson, 

1997). Reservoirs trap the coarse bedload and a significant proportion of the fine material and 

hence the sediment supply downstream of a dam can be significantly reduced (Brandt, 2000; 

Brierley and Fryiers, 2005).Due to change in flow and sediment regimes, degradation and 

aggradation processes take place at downstream. As the sediments are trapped behind the 

dam, the released water is relatively free of sediment because of which the flow has excess 

energy. To satisfy the required sediment load, the river first degrades the channel bed 

followed by eroding the channel banks (Petts, 1984; Gordon and Meentemeyer, 2006). 

Degradation in regulated rivers relatively takes place at much higher rate than the non-

regulated rivers due to less sediment load (Knighton, 1998). Although degradation occurs 

initially below the dams, aggradation may occur further downstream of the river (Petts, 

1984). Even though a large amount of sediment is trapped behind a dam, source of sediment 

downstream can still exist which include materials from bed degradation and channel bank 

erosion immediately below the dam and from unregulated tributaries injecting sediment into 

the mainstream (Petts, 1984; Petts and Gurnell, 2005). 

Apart from the impact on the sediment load transported, the operation of reservoir has 

various other downstream impacts. These impacts are briefly described here. 

Impact on water quantity  

Flood moderation reservoirs store the flood water in the reservoir during peak floods, and 

then slowly release the water. Such reservoirs reduce the flood peak which in turn reduces the 

frequency, extent and duration of floodplain inundation. Reduction of channel-forming 

discharge and truncated sediment transport alters the channel and floodplain morphology 

(Acreman et al., 2000). Due to the change in water quantity, the shape of the river will be 

fixed or the river channels will be separated from the floodplain (FISRWG, 1998). 
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Impact on water quality 

Storage of water in reservoirs alters the water quality. Anaerobic processes take place inside 

the reservoirs where the velocities are very low and water column depth is extremely large 

compared to normal flow depth. This process is even more intensive if the water and 

sediment contain excess amount of nutrients (organic matter, nitrogen and phosphorous). Due 

to excess algal growth and anaerobic processes eutrophication and deoxygenation take place 

in the reservoirs. In warmer climates, reservoirs with increased eutrophication can suffer 

fromtoxic algal blooms, the excessive growth of aquatic plants and the production of methane 

(WMO, 2006(a)). Again, the biological activities of the river at downstream is further 

affected when agricultural pesticides, toxic industrial pollution, heavy metals from upstream 

mining operations etc. get accumulated in the reservoir (Dyson et al.,2008). The change in 

temperature in different layers of large reservoirs also affects the downstream water. Large 

storage reservoirs normally tend to stratify. In such case, the water in the upper layers 

acquires the same air temperature that prevails outside the reservoir, while the bottom layers 

remain cooler. When the water from such reservoirs is released through the outlets provided 

near the bottom, the released water is much cooler than the normal stream flow. This may be 

harmful to the fish and other aquatic lives and also to the aquatic invertebrates. Constant 

release of such water will affect the species that are dependent on temperature variations for 

reproduction and maturation. When streams are excessively dewatered, because of no 

downstream releases, the unnaturally low flows with smaller depth of flow can warm more 

easily holding less dissolved oxygen. Many aquatic species can tolerate a limited range of 

temperature. Any change in the range of temperatures can have profound effects on their 

composition. In winter, on the other hand, such streams can become very cold and sometimes 

freeze (FISRWG, 1998). 

Impacts on social and economic activities and environmental conditions  

Fisheries:A dam constructed in the upper reaches of a river has substantial impact on the 

availability of fish downstream (Dyson et al., 2008). The variety of aquatic environments that 

exists in alluvial reaches is used by the fishes for spawning. When a river reach is subjected 

to constant flows, it may not be able to provide a variety of aquatic environments appropriate 

for the survival of certain species. Many habitats are lost in the lateral channels and in the 

floodplain, resulting in a sharp decrease in local and regional biodiversity (WMO, 2006(a)). 

Postel and Richter (2003) stated that inadequate low flows may result in overcrowding of fish 
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in poor-quality water with no option to move to other feeding areas and depletion of 

population of species sensitive to higher water temperatures and lower oxygen conditions. 

Moreover, due to absence of high flows, fish may not be able to access the floodplains for 

spawning and feeding.  

Groundwater recharge: Construction of dams reduces the floodplain inundation which in 

turn reduces infiltration and consequent groundwater recharge. This will affect the 

groundwater resources and associated ecological and economic benefits. This also has 

adverse impact on the base flow and groundwater interactions and degrades riverine habitats 

(WMO, 2006(a)). The species that are dependent on shallow groundwater will be affected 

much because of the lowering of the groundwater table.  

Preserving ecosystems: Dams and reservoirs have the potential to alter the flow regimes and 

separate river channels from the floodplains. They tend to impede the natural ecological and 

morphological processes and oversimplify the river corridor, resulting in a spatially 

homogeneous ecosystem, which is not able to provide varied habitat features for a diverse 

range of species (WMO, 2015). It is therefore, important to maintain the structure and 

function of fluvial ecosystems because most of the ecosystem services provided by river 

corridors depend on these and they are lost when rivers are simplified (WMO, 2006(a)). 

River management facilities: Because of the low sediment load at the immediate 

downstream of a dam, degradation of riverbed and erosion of river banks take place. This will 

expose the foundation of existing infrastructure such as bridges. This condition has also the 

possibility that it rots the foundation of embankment and pile work etc. 

Recreational activities: Rivers, coastal and banks of other water bodies are used for 

recreational purposes. The reduction in river discharge has negative effect on the recreation 

value. For example, on the rivers where sightseeing boats are operated, the reduction in river 

discharge may result in non-feasibility of their operation. Moreover, in alluvial floodplains, 

the reduction in such discharge may shift the main channels of the river from the city banks, 

thereby resulting in lost opportunities (WMO, 2015). 

Flushing of pollutants and sediments: In some cities, the urban waste water is not treated 

before it is released to the river. In such condition, floods can have a flushing effect to 

remove the pollutants. Construction of dams reduces the river discharge. This will block the 

dilution of the polluted reaches leading to a polluted environment.  
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Navigation: In reservoirs, where the main purposes are irrigation and public water supply, 

sufficient water is withdrawn from the river channel. In such cases, the downstream release 

may not be sufficient for navigation purposes.  

Salt intrusion: In estuarine reaches, during high tide, the salt-rich sea water moves up to the 

river and then again pushed back by the river during high flows. This creates a stable 

equilibrium condition of fresh and saltwater in the estuarine areas thereby creating a habitat 

rich in biodiversity. Due to low flow from the river which is result of construction of dam, 

this equilibrium gets disturbed. When saltwater enters the river, salt concentration in 

irrigation water and ground water rises, resulting in severe adverse effects on the sources of 

public water supply and irrigation. Increase in salt concentration also affects the various 

aquatic lives that are otherwise comfortable under the equilibrium condition. 

8.1.3 Subansiri Lower Hydroelectric Project (SLHEP) 

Subansiri Lower Hydro Electric Project is one of the biggest hydroelectric projects under 

construction in India. It is an interstate project involving Assam and Arunachal Pradesh. The 

project is located about 470 km away from Guwahati, 55 km from North Lakhimpur town 

and 16 km from Gogamukh, a small town in Assam on NH-52. The dam site is 2.3 km 

upstream of Gerukamukh village on Assam/Arunachal Pradesh border across the river 

Subansiri. The left abutment of the dam is in Assam and right abutment is in Arunachal 

Pradesh. The location of dam site on the river Subansiri is 27°33´15´´ N latitude and 

94°15´30´´ E longitude. The most significant aspect of this project is that all the components 

of the project are confined within 1.5 km radius. The project has a 116m high concrete 

gravity dam with a surface powerhouse of 2000MW capacity. The river length is 

approximately 126 km from the dam site to the confluence with Brahmaputra near Jamuguri 

(Bakalial et al., 2014).The reservoir storage capacity is 1365 Mm
3
. The dam heads up the 

river discharge, which further leads to Power House through 8 nos. of Head Race Tunnels of 

9.5m diameter (Horse shoe shaped) each. Water after flowing through the turbines shall be 

discharged back to river through Tail Race Channel. Thus diverted discharge in the river 

comes back to the original river course within a stretch of 0.5 km unlike other Hydro Projects 

where the diverted water joins the river course after 20-30 km depending on the site 

conditions. Indeed, there is no consumptive use of water on hydropower development. All the 

water gets released back into the river course downstream. In this way, no part of the river is 

going to be dried up due to dam operation. However, it is expected that there will be a diurnal 
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variation of the river flow which may have some negative impacts at the downstream. There 

are number of perennial tributaries joining Subansiri river downstream of dam namely 

Geruka (2.5 km), Dulang (4.89 km), Dirpai (5.35 km), Chauldha (5.55 km), Gaghar (26.4 

km), Bogi Nadi and Dirgha Nala (30 km), Kokoi Nala (35.5 km) etc. which will also 

contribute to the discharge and river bed material in the river Subansiri.  

The initiation of the project has caused great fear among the downstream dwellers, which had 

the fate of experiencing downstream flood hazard caused by breaching of a huge barrier 

resulting from landslips caused by the great 1950 Assam earthquake. It is an apprehension 

amongst the people that epicenter of 1950 earthquake of 8.6 in the Richtar scale was very 

near to the Subansiri Lower Project dam site. In fact the epicenter of the said earthquake was 

240 km away from the Subansiri project in Mishmi hills. This earthquake had actually 

occurred in a particular tectonic setup which does not exist at Subansiri Lower Project site. 

The tectonic setup of the area plays an important role for seismogenic source during the 

event.  

Lower Subansiri basin covers the northern part of Assam mostly inhabited by agrarian 

people. The river is migratory in nature. The river is migrating towards the west against the 

natural slope of the basin. This is due to presence of many geotectonic activities within the 

basin. The downstream catchment of Subansiri river continues as linear depression though 

the river carries and deposits huge sediment flux into the basin. In the upper catchment of 

Subansiri, occurrence of devastating flood associated with intense rainfall is very coomon. 

Due to the Subansiri project there would be abrupt diurnal fluctuation of flow discharge from 

6 cumec to 2560 cumec.  

8.1.3.1 Principal features of Subansiri Lower Hydroelectric Project 

The full reservoir level (FRL) of the project is EL 205.0m corresponding to a storage capacity 

of 1365.0 Mm
3
 and maximum water level (MWL) is 208.25 m with storage volume of 1470.0 

Mm
3
. The flood cushion of about 441.6 Mm

3
 is provided for the period of high inflow like 

June, July and August months, which is the volume between EL 205.0 m and EL 190.0 m. 

The maximum draw down level (MDDL) is 181.0 m with storage volume of 720 Mm
3
. 

Height of dam above river bed level is 116.0 m and from the deepest foundation level is 

133.0 m. 

Water from the dam will be diverted to the surge tank through side tunnel from where it will 

be delivered through eight penstocks having 9.5 m diameter and with varying lengths of 

TH-1585_10610426



219 
 

106.70 m, 106.88 m, 106.64 m, 106.34 m, 105.82 m, 105.86 m and 106.004 m for the target 

power generation of 2000MW (8 x 250). Maximum tailrace water level is 112.0 m and 

normal tailrace water level is 108.96 m whereas minimum tailrace water level is 105.0 m. 

The probable maximum tailrace water level is 122.5 m.  

In the present study, the future power potential of the Subansiri Lower Hydroelectric Project 

has been analyzed by using simulation model for the three different land use/land cover 

scenarios as described in Chapter 7. The results were analyzed for four different future time 

steps viz., 2020-39, 2040-59, 2060-79 and 2080-99. 

8.2 Materials and Methods 

8.2.1 Reservoir simulation model 

Reservoir simulation method is the most widely used method because of its mathematical 

simplicity and flexibility. It provides a rapid means for evaluating the anticipated 

performance of water resources systems. Simulation model can be physical or symbolic, hand 

operated or computerized. The main components that constitute a simulation model are the 

inputs; physical relationships and constraints; operating rules; and the outputs. The 

advantages of simulation technique include, (i) Simulation model is easier to adopt than 

developing a mathematical model in case where complex relationships of a predictable and 

random nature exists; (ii) In problems where it is difficult to predict or identify bottlenecks, 

simulation is used to foresee these unknown difficulties; (iii) Data for further analysis can be 

generated by a simulation model; (iv) The simulation model of a system once constructed, 

may be employed as often as desired to analyze different situations and (v) For problems 

where all values of the variables are not known, or partly known, simulation models are 

useful for solving such problems. However, the main disadvantages of simulation technique 

are, (i) Simulation does not produce optimal results; (ii) Each simulation run is like a single 

experiment conducted under a given set of conditions. It is also a time consuming procedure; 

and (iii) In very large and complex problems, the large number of variables and the 

interrelationships between them make the problem very hard to program. In reservoir 

operation, simulation can be used to determine hydropower generation, flood peak 

attenuation, irrigation allocation etc. 

In the case of reservoir operation for hydropower generation it consists of a power plant that 

has a storage reservoir, the head, flow and storage are all interdependent variables (Vedula 

and Majumdar, 2005). The data required for simulation are, the inflow series at a reservoir; 

the storage-area-elevation relationship for the reservoir; and, the power plant efficiency. 
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8.2.2 Data used 

The data used for the simulation of the reservoir are listed below: 

a) Monthly runoff of Subansiri River as simulated by the ANN-SCS based hybrid model 

up to the year 2099 for three different land use/land cover scenarios have been used as 

the inflow to the reservoir.  

b) Maximum water level (MWL): 208.25m 

c) Full reservoir level (FRL): 205m 

d) Maximum draw down level (MDDL): 181m 

e) Tailrace water level: 108.96m 

f) Dead storage: 720 Mm
3
 

g) Storage capacity of the reservoir at FRL: 1365 Mm
3
 

h) Plant capacity: 2000 MW 

i) Efficiency: 90% 

j) Minimum downstream release: 6 m
3
/s 

8.2.3 Methodology 

8.2.3.1Capacity-Area-Elevation relationship for the reservoir 

Fig. 8.1 shows the relationship between reservoir capacity vs. elevation, area vs. 

elevation,and, reservoir capacity vs. area determined by the method of curve fitting. The 

polynomial equations developed for the relationships are, 

Reservoir capacity and reservoir elevation relationship 

          ( )             
                                       (8.1)    

Where,    is the reservoir capacity in Mm
3
. 

Reservoir area and reservoir elevation relationship 

          ( )           
                          (8.2) 

Where,    is the reservoir area in Mm
2
. 

Reservoir capacity and reservoir area relationship 

     (   )           
                                                                   (8.3) 
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Fig. 8.1: Capacity-Area-Elevation curves: (a) elevation vs. capacity, (b) elevation vs. area  

and (c) area vs. capacity  

8.2.3.2 Problem formulation 

8.2.3.2.1 Hydropower Generation 

The expression for hydropower generation is given by the formula, 

                               (8.4) 

For a period of one month, the expression becomes, 

  
(            )

(          )
MW                                          (8.5) 

                  MW                                     (8.6) 

Thus, 

     
 

           
                           (8.7) 

Where,  

              P= power in MW 

  = release to penstock in MCM in period t 

  = net head in m in period t 

             η = plant efficiency 
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8.2.3.2.2 Constraints 

The following constraints have been considered during the simulation process: 

a) Continuity constraint 

                                               (8.8) 

where, 

     = storage in Mm
3
 at the end of the time period t or beginning of time period t+1; 

  = storage in Mm
3
 at the beginning of the period t; 

  = reservoir inflow in Mm
3
 during the period t; 

  = release required in the period t to generate the specified power corresponding to 

the net head;  

  = minimum downstream release = 6 m
3
/s= 15.55 Mm

3
.  

 

b) Reservoir storage constraint 

Reservoir storage cannot be lowered below the dead storage volume of 720 Mm
3
. The 

maximum storage of the reservoir should not be greater than full reservoir level (FRL) 

volume of 1365 Mm
3
. 

                                (8.9) 

where, 

  = storage capacity of the reservoir at MDDL= dead storage volume = 720 Mm
3
; 

    = storage capacity of the reservoir at FRL = 1365 Mm
3
. 

 

c) Release constraint(Rai, M.R., 2010) 

Release from the reservoir should be such that at the end of time t the reservoir 

storage level does not go above FRL. 

                                      (8.10) 

where, 

       = maximum release in time t. 
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8.3 Results and Discussions 

The future power potential of the Subansiri Lower Hydroelectric Project has been determined 

by simulating the reservoir for hydropower generation. The power potential has been 

determined for the three different land use/land cover scenarios as described in Chapter 7. 

Table 8.1 gives the power in MW for each of the scenario. 

Table 8.1: Power in MW obtained for different scenarios 

Time periods 

Scenario1 

(Power in 

MW) 

Scenario2 

(Power in 

MW) 

Scenario3                                                      

(Power in MW) 

Sub-

scenario1 

Sub-

scenario2 

Sub-

scenario3 

Sub-

scenario4 

1990-2014 
312183 312183 312183 312183 312183 312183 

2020-2039 
282787 236789 184575 186920 192215 186876 

2040-2059 
270376 278735 213385 190384 214823 218173 

2060-2079 
256202 258877 268605 259389 274923 269291 

2080-2099 
264851 261958 279869 275326 288020 282178 

 

Results of the Scenario 1 

Fig. 8.1 shows the power in MW determined for the different time periods under the Scenario 

1. For this scenario, compared to the historical period 1990-2014, where power obtained 

during this period was 312183 MW, the future power obtained for SLHEP gradually 

decreases from 2020-39 to 2060-99 with values 282787MW for 2020-39, 270376MW for 

2040-59, 256202MW for 2060-79 respectively. During 2080-99 the power again increases to 

264851MW.  

From this analysis it can be said that, as compared to 1990-2014, the power potential during 

2020-39, 2040-59, 2060-79 and 2080-99 will decrease by 9.42%, 13.39%, 17.93% and 

15.16% respectively under the Scenario 1. Thus, there is a possibility that the power potential 

of the SLHEP will be decreased the most during 2060-79. 
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Fig. 8.2: Future power obtained at different time steps from the SLHEP under the Scenario 1 

Trend analyses have been performed for these future time steps as shown in Fig 8.3. It can be 

observed that for each of the time period, the power potentials show decreasing trends. As 

discussed in the previous chapter, the runoff for these periods also showed decreasing trends. 

These runoffs have been used as the inflow to the reservoir. Hence, because of the decrease in 

inflow, the power generation also decreases. The overall future trend analysis for the entire 

period from 2020-99 also shows decreasing trend in power potential. 

 

 

Fig. 8.3: Trend analysis of future power potential of SLHEP under the Scenario 1 
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Results of the Scenario 2 

Under this scenario there are four sub-scenarios for the four different time steps. Fig. 8.4 

shows the power generated for each of the time steps. It is observed from the figure that the 

different time periods show alternate increase and decrease in the generated power. The 

power for 2020-39, 2040-59, 2060-79 and 2080-99 have been obtained as, 236789MW, 

278735MW, 258877MW and 261958MW respectively. 

 

Fig. 8.4: Future power obtained at different time steps from the SLHEP under the Scenario 2 

The percent decrease in power potential during these four time steps as compared to that in 

1990-2014 are, 24.15%,10.71%, 17.07% and 16.08% respectively. Thus, there is a possibility 

that under the land use land cover conditions assumed for the Scenario 2, the power 

generation will be the minimum during 2020-39. However, for the next time period, 2040-59, 

the power potential will not vary much compared to the historical period.  

The future trends of power potential for different time steps have also been analyzed forthe 

Scenario 2 are shown in Fig. 8.5. 
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Fig. 8.5: Trend analysis of future power potential of SLHEP under the Scenario 2 

It is observed from Fig. 8.5 that future power potential of the SLHEP will have increasing 

trend for different time periods including the entire period from 2020-99 under the Scenario 

2. The increasing trends in runoff during these periods for the Scenario 2 have led to the 

increasing trends in the power potential.  

Results of the Scenario 3 

The power obtained for different sub-scenarios under the Scenarion3 are shown in Fig. 8.6. 

For all the four sub-scenarios it is observed that the power first decreases for the period 2020-

39 compared to the historical period and then starts increasing again up to the year 2099. 

For the sub-scenario 1, the power obtained for 2020-39, 2040-59, 2060-79 and 2080-99 

are184575MW,213385MW, 268605MW and 279869MW respectively. As compared to 

1990-2014, the power potential will be decreased by 40.88% during 2020-39.For the other 

time periods i.e. 2040-59, 2060-79 and 2080-99, the power potential will be decreased by 

31.64%, 13.96% and 10.35% respectively compared to that in 1990-2014. 
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Fig. 8.6: Future power obtained at different time steps for the SLHEP under the Scenario 3 

For the sub-scenario 2, 186920MW, 190384MW, 259389MW and 275326MW of power 

have been obtained for 2020-39, 2040-59, 2060-79 and 2080-99 respectively. The percent 

decrease in power potential as compared to that in the historical period for these four time 

periods are, 40.12%, 39.01%, 16.91% and 11.81% respectively. 

The power obtained for these time periods under sub-scenario3 are 192215MW, 214823MW, 

274923MW and 288020MW respectively. The power potential will be decreased by 38.43%, 

31.18%, 11.94% and 7.74% respectively for 2020-39, 2040-59, 2060-79 and 2080-99 as 

compared to the historical period. 

Again, 186876MW of power during 2020-39, 218173MW for 2040-59, 269291MW for 

2060-79 and 282178MW for 2080-99 have been obtained under the sub-scenario 4 with 

percent decrease of 40.14%, 30.11%, 13.74% and 9.61% respectively as compared to the 

historical period 1990-2014. 

Another analysis has been performed under the Scenario 3 to see the variation of future 

power potential of the project for each of the time periods under the four different sub-

scenarios (Fig. 8.7). 
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Fig. 8.7: Future power obtained for SLHEP for each time period under the four sub-scenarios 

It is seen that during the period 2020-39, the minimum and the maximum powers were 

obtained under the sub-scenario 1 and 3 with 184575MW and 192215MW respectively. 

During 2040-59, the minimum power was obtained for the sub-scenario 2 (190384MW) and 

the maximum was obtained for the sub-scenario 4 (218173MW). 

The minimum powers during the periods 2060-79 and 2080-99 have been obtained for sub-

scenario 2 with 259389MW and 275326MW of powers respectively. However the maximum 

power during 2060-79 has been obtained for sub-scenario 4(269292MW) and during 2080-

99, the maximum power has been obtained for sub-scenario 3(288020MW). 

Thus from this analysis, it can be said that, there is a possibility of occurrence of maximum 

hydropower generation during 2080-99, under the conditions considered for the sub-scenario 

3. On the other hand, the power generation will be the minimum during 2020-39 for sub-

scenario 1. 

The linear trends of power potential of the SLHEP have been analyzed for each time period 

including the entire period from 2020-99 for the four different sub-scenarios of the Scenario 

3. The results are plotted in Fig. 8.8, 8.9, 8.10, 8.11 and 8.12 respectively. 
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Fig. 8.8: Trends showing power potential of SLHEP for the four different sub-scenarios 

under scenario 3 for 2020-39. 

 

 

Fig. 8.9: Trends showing power potential of SLHEP for the four different sub-scenarios 

under scenario 3 for 2040-59. 
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Fig. 8.10: Trends showing power potential of SLHEP for the four different sub-scenarios 

under scenario 3 for 2060-79. 

 

 

Fig. 8.11: Trends showing power potential of SLHEP for the four different sub-scenarios 

under scenario 3 for 2080-99. 
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Fig. 8.12: Trends showing power potential of SLHEP for the four different sub-scenarios 

under the Scenario 3 for 2020-99 

It is observed from the figures that the future power potential of SLHEP shows increasing 

trends for each of the time step under the different sub-scenarios of the Scenario 3. The 

increasing trends of runoff of the river Subansiri for each time step under this scenario as 

shown in Fig. 7. 21-25 in chapter 7, have a significant impact on increase in power potential 

of the hydropower project. 

8.4 Conclusions 

In this study, the future power potential of Subansiri Lower Hydroelectric Project has been 

analyzed using simulation model. Continuity constraint, storage constraint and reservoir 

release constraint are the three different constraints considered in the model. The runoffs of 

the river Subansiri as simulated by ANN-SCS based hybrid model under different land 

use/land cover scenarios have been used as the inflows to the reservoir. It has been observed 

from the study that for the Scenario 1, where constant LULC conditions have been assumed 

from 2012 to 2099 the future power potential shows decreasing trends for all the four 

different time periods. For the other scenarios, where various changes in each LULC category 

were considered, the future power potential show increasing trends for different time periods 

from 2020-99. Although the power potentials for the different time periods showed 

increasing trends from 2020-99 under Scenario 2 and 3, in no case, increase in power 

potential has been observed compared to the power potential of the historical period from 

1990 to 2014. 
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CHAPTER 9 

SUMMARY AND CONCLUSIONS 

 

9.1 General 

In the present study, the snow cover areas of the Brahmaputra and the Subansiri River Basins 

have been determined for a period of 13 years from 2002 to 2015 for the months of January, 

April, July and October. Trend analyses have been performed to see the change in the snow 

cover areas of the said basins for these months with respect to the change in temperature over 

the basins.  Part of the discharge of the Brahmaputra and the Subansiri Rivers is influenced 

by the melting of snow at the upper part of the catchments which falls in the Himalayan 

range. As mentioned in various literatures, the snow and glaciers in the Himalayan regions 

are gradually retreating due to the increase in temperature. This snowmelt water have 

profound impact on the discharge of these rivers and a trend analysis has been performed in 

this study to  see the effect of decrease in snow cover area on the discharges of the river 

Brahmaputra and the Subansiri. Land use/land cover assessment is one of the most important 

parameters to meaningfully plan for land resource management.Remote Sensing and 

Geographical Information System (GIS) provide an excellent means of spatial data analysis 

and interpretation. Here, in this study, the land use/land cover change detections have also 

been analyzed for the Brahmaputra and the Subansiri River Basins for one complete decade 

from 2002 to 2012 for the months of January, April and October using remote sensing and 

GIS technique. The Subansiri catchment experiences heavy rainfall and thus it has major 

impact on the runoff of this river. Hence, it is of utmost importance to study the change in 

future pattern of rainfall. The rainfall over the basin has been downscaled and predicted up to 

the year 2099 to analyze the possible future change in rainfall pattern. Due to change in 

rainfall, the flow scenario of the river will also be changed. To study the impact of rainfall on 

runoff of a river, various hydrological models are available. Empirical models establish the 

relationship between rainfall and runoff and contain no physical transformation function to 

relate input to output. Rainfall alone cannot explain the runoff variance efficiently which can 

be attributed to antecedent moisture content, rainfall intensity, and physical characteristics of 

the catchment such as soil, slope and land use/land cover conditions. Thus, the main 

constraint of the empirical models is that theses numerical models are incapable of modelling 
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the influence of change in vegetation and other land use land cover types on various 

hydrological components. Hence, in this study, the accuracy of two models, one, an ANN 

based rainfall-runoff model and another, an ANN-SCS based hybrid model have been 

compared and the future flow scenario of the river Subansiri has been analyzed accordingly 

up to the year 2099.  The impact of change in this future flow scenario of the river Subansiri 

on the power potential of the Subansiri Lower Hydroelectric Project have also been studied 

for different future time periods. 

9.2 Conclusions 

The following conclusions can be drawn from the present study. 

 Study on change in snow cover area of the Brahmaputra and the Subansiri River 

basins and its impact on the discharge of the rivers 

The snow cover areas of both the Brahmaputra and the Subansiri basins have been 

determined by the Normalized Difference Snow Index (NDSI) method starting from 2002 to 

2015 for the months of January, April, July and October using MODIS satellite data of 500m 

resolution. The temperature data of HadCM3 GCM has been used to study the impact of 

change in temperature on the change in snow cover areas of the basins.  It has been observed 

that for both the basins, for the month of January, the snow cover area showed an increasing 

trend with respect to the decreasing trend of temperature. However, for other three months, 

from 2002 to 2015, decreasing trends of snow cover areas have been observed with respect to 

the increasing trends of temperature. The percent changes in snow cover area from 2003 to 

2015with respect to the snow cover area of 2002 have also been analyzed. It has been found 

that for the Brahmaputra basin, except for the years 2003 and 2012, the other remaining years 

showednegative percent change. This is because the average snow cover areas of these years 

were less compared to that of 2002. For the Subansiri River Basin, except for the year 2003 

where a positive change has been seen, for other remaining years from 2004 to 2015, the 

average snow cover area showed less values compared to the snow cover area of 2002 and 

because of this negative percent change in average snow cover area have been observed for 

these years. 

The linear trend analysis between change in snow cover area and change in discharge of the 

rivers Brahmaputra and Subansiri showed that when the snow cover area decreases the 

discharge of the rivers increases and vice versa leading to the conclusion that snowmelt water 

influences the discharge of the rivers at downstream. 
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 Land use/land cover change detection study of the Brahmaputra and the Subansiri 

River Basins. 

The land use/land cover change detections have been studied for both the basins from 2002 to 

2012 for three different months viz., January, April and October using supervised 

classification method and maximum likelihood classifier algorithm. MODIS data of 500m 

resolution has been used to classify the basins into five different classes, bare soil, surface 

water bodies, dense vegetation, light vegetation and snow cover area. Apart from the changes 

that have taken place in the basins for the entire period from 2002 to 2012, year wise changes 

have also been carried out for the different months. The major output of this study is that, 

dense vegetation and snow cover area have decreased notably during this period. On the other 

hand, significant increases in light vegetation and bare soil have been observed during 2002-

12. This may be attributed to the fact that increase in population has playedan active 

roletowards diminishing dense vegetation cover and increase in light vegetation and bare soil. 

Again, due to increase in temperature which is a consequence of climate changemelting of 

snow occurred in the basins leading to decrease in the snow cover area. 

 Future rainfall pattern analysis over the Subansiri River Basin using Statistical 

Downscaling Techniques. 

The rainfall over the Subansiri basin has been downscaled at 24 different locations by both 

multiple linear and non-linear regression based statistical downscaling techniques and by 

Artificial Neural Network model. The APHRODITE’s gridded rainfall data and HadCM3 

GCM climatic parameters of A2 scenario have been used as the preditand and the predictors 

respectively. The regression analyses have been performed for two conditions, one, by taking 

the climatic parameters of one HadCM3 point that falls within the basin and one, by taking 

the weighted average values of the climatic parameters of the four HadCM3 points that fall in 

and around the Subansiri basin. On the basis of MAE, MSE, RMSE and R
2
 values it has been 

found that multiple non-linear regression based statistical downscaling technique with 

weighted average values outperformed the other downscaling methods. Hence, by using this 

multiple non-linear regression based statistical downscaling technique, the future rainfall at 

the 24 locations have been predicted up to the year 2099 for four different time steps viz., 

2020-39, 2040-59, 2060-79and 2080-99. No significant change has been observed for the 

period 2020-39, while for the other three time steps, the rainfall showed decreasing trends. 

The analysis on spatial variation of rainfall over the basin showed that the basin will receive 

TH-1585_10610426



236 
 

less rainfall during 2080-99 compared to the other time periods. The spatial change in rainfall 

pattern for wet, dry and months with moderate rainfall showed potential decrease of rainfall 

in the wet months and months with moderate rainfall and increase of rainfall in the dry 

months in future. 

 Analysis of future flow scenario of the Subansiri River 

Using the rainfall as predicted by the non-linear regression based statistical downscaling 

technique, the future runoff of the Subansiri River has been predicted using an ANN based 

rainfall-runoff model and an ANN-SCS based hybrid model. The accuracy of the models 

were compared on the basis of coefficient of correlation (R) values and found that the hybrid 

model where effect of land use/land cover had also been incorporated performed better. 

Future three different land use/land cover scenarios have been created and the flow scenario 

of the river has been analyzed for the times periods, 2020-39, 2040-59, 2060-79 and 2080-99 

for all the scenarios. It has been observed that for the Scenario 1, where it was assumed that 

LULC condition will not change from 2012 and will remain constant up to 2099, the runoff 

showed decreasing trends for the different time periods. However, for the other two 

scenarios, where different changes in the LULC classes have been incorporated including 

decrease in dense vegetation, bare soil and snow cover area as well as increase in the light 

vegetation,the runoff showed increasing trend for the future four different time steps. The 

infiltration rate decreases because of deforestation and urbanization which lead to increase in 

surface runoff. Again, the melting of snow also contributes to the runoff of the river. 

 Future power potential of Subansiri Lower Hydroelectric Project 

By considering the runoff obtained from the ANN-SCS based hybrid model for different land 

use/land cover scenarios as the inflow to the reservoir, the future power potential of the 

Subansiri Lower Hydroelectric Project has been analyzed up to 2099 using reservoir 

simulation model. It has been observed from the study that except under the Scenario 1 where 

the future power potential decreases, for other two scenarios, it increases for the different 

time periods. Thus, it can be said that runoff has a direct impact on the power potential of the 

hydropower plant. Under Scenario 1, the runoff showed decreasing trends for different time 

periods. As a result, the power potential under this scenario also showed decreasing trends in 

future. Again, for other two scenarios, the runoff showed increasing trends and hence, power 

potential also showed increasing trends. In other words, the change in climate in near future 

will also affect the power potential of the SLHEP. 
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9.3 Recommendations for future work 

 In this study, MOD09A1.5 (MODIS/Terra Surface Reflectance 8-Day L3 Global 

500m SIN Grid) MODIS data of 500m resolution has been used to determine the 

snow cover area. However, other available high resolution remote sensing data can be 

used to determine the snow cover area more accurately. 

 Only the trend analyses have been performed here to study the change in snow cover 

area with respect to change in temperature. More detailed analysis can be done to 

study the future possible changes in the snow cover areas of the basins for each 

degree rise in temperature. 

 The land use/land cover change detection has been done in this study by considering 

only five classes, bare soil, surface water bodies, dense vegetation, light vegetation 

and snow cover area. The urbanization has been included in the light vegetation. 

However, detail analysis can be performed by taking into account settlement as a 

different class. 

 The land use/land cover change detection in this study has been performed using 

MODIS 500m resolution data which is very coarse and is useful for mapping large 

basins. However, using high resolution data, if the analysis can be made on sub-

catchment basis, the results will be more realistic. 

 The climatic parameters of only one GCM i.e. the HadCM3 GCM have been used in 

the present study. However, data from more GCMs can be used and compared and if 

the best one is used for the analysis, it will give better results. 

 Probabilistic analysis can be made for the future flow scenario of the river using 

different GCMs. 

 Only simulation model has been used to study the future power potential of the 

Subansiri Lower Hydroelectric Project under different land use/land cover scenarios. 

However, different optimization models like linear programming, dynamic 

programming, ANN, Genetic Algorithm etc. can be used to analyze the future 

probable power potential of the project in more detail. 
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Annexure 1 

Calibration and Validation graphs for multiple linear regression performed by taking climatic 

parameters of one HadCM3 GCM point 

 

Calibration      Validation 

 

TH-1585_10610426



ii 
 

 

Calibration       Validation 

 

 

TH-1585_10610426



iii 
 

 

Calibration       Validation 

 

 

TH-1585_10610426



iv 
 

 

Calibration    Validation 

 

 

TH-1585_10610426



v 
 

 

Calibration     Validation 

 

 

TH-1585_10610426



vi 
 

 

Calibration      Validation 

 

 

TH-1585_10610426



vii 
 

  Annexure 2 

Calibration and Validation graphs for multiple non-linear regression analysis performed by 

taking the climating parameters of one HadCM3 GCM point 
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Annexure 3 
 

Calibration and validation graphs for multiple linear regression analysis performed by taking 

the weighted average of the climatic parameters of four HadCM3 GCM points 
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Annexure 4 

Calibration and Validation graphs for multiple non-linear regression analysis 

performed by taking the weighted average of the climatic parametrs of the four HadCM3 

GCM points 
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Annexure 5 

Regression plots for downscaling by ANN at different APHRODITE points 
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Annexure 6 

Graphs showing the future rainfall of Subansiri basin at 24 different APHRODITE’s rainfall 

points 
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