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ABSTRACT 

Terrestrial energy and water budgeting needs consistent monitoring of its components and 

a good understanding and interpretation of hydrological processes. In poorly gauged river 

basins, water budgeting is a challenging task especially when the watersheds are located in 

complex and inaccessible mountains. The mountains are considered as the water towers of 

the world because it supplies water for mountain ecosystem by their watershed function. 

However, degradation of mountain ecosystem services has severe consequences for 

livelihoods and environments of downstream regions. The objective of this study was, 

therefore, to understand runoff generation process in hilly watersheds of Eastern Himalayan 

Mountains and simulate it by a developed region-specific rainfall-runoff model to 

understand the hydrological complexities. 

The limitation of distributed gauging network is switched with satellite remote sensing for 

energy budgeting. However, two of the primary inputs of energy budgeting, viz. 

Normalized Difference Vegetation Index (NDVI) and Land Surface Temperature (LST) 

are inconsistently available due to frequent atmospheric obstruction of clouds. Consistent 

spatio-temporal availability of these two parameters is highly required to analyze spatial 

and temporal patterns of surface energy and water budget. Hence, new methodologies are 

developed to reconstruct the missing NDVI and LST time-series. 16-daily NDVI at 1 km 

is from Moderate Resolution Imaging Spectroradiometer (MODIS) is reconstructed by 

using a novel pre-filling method called as Moving Offset Method (MOM) prior to 

Harmonic analysis of time series (HANTS). It is found that using MOM minimizes the 

error while improving the seasonal trait of NDVI time-series for a variety of land use and 

land cover (LULC). 8-daily LST from MODIS is reconstructed by an innovative kernel 

based spatio-temporal data assimilation with LST from Global Land Data Assimilation 

System (GLDAS ≈25km). It shows the high accuracy of spatial pattern restoration in 

reconstructed time-series with RMSE = 0.6K and R2=0.98 within the complex 

physiography. The high-quality reconstructed data are used in an energy balance model 

called 3T-model to produce consistent evapotranspiration (ET) time-series. Using ET with 

high resolution precipitation data (P) revealed the location of hotspots where annual ET 

exceeds annual P to be called as hydrological anomaly. High frequency of hydrological 

anomaly indicates hydrological resilience of those locations to P deficit per year. It is 

confirmed that hydrological resilient areas are mostly forest by hydrological efficiency test 

TH-2464_136104017



 
 

ii 
 

for several LULC. Hence, it is hypothesized that the additional water required for ET in 

hydrological resilience could be in form of unknown preferential storage in forest areas. 

Also, analysis for 2nd order relationship of hydrological resilience with several selected 

physical parameters along the spatial extent shows that it is directly proportional to 

vegetation fraction and bedrock depth.  Therefore, vegetation fraction and bedrock depth 

can be used as indicators for hydrological resilience. Lastly, a process-based hydrological 

model is developed for water balance in hilly watersheds having a fill and spill approach. 

It assumes a 3-layer soil matrix, macropores and perched aquifers having a theoretical 

hydraulic conductivity beyond the surface. The spatial characterization of macropore 

dynamics is done by using observed experimental values around the hillslopes of Eastern 

Himalaya. Calibration with a range of variable threshold and hydraulic conductivity values 

shows that best NSE value of 0.84 is found for threshold = 1cm ±25% and hydraulic 

conductivity value of a much higher order than theoretical value (≈104 times more). 

Moreover, the surface runoff generation ratio is found to be low but a good amount of 

runoff volume from base flow is observed. Both of these evidences point out towards 

possible existence of high velocity preferential flow which might be existing in Eastern 

Himalayan watersheds. The hydrological model is flexible and can be utilized in other 

regions, given the macropore properties are collected from field-site experiments. 
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Chapter 1 

Introduction 

 

1.1. Overview 

The fresh water on earth is less than 2.5% of the total amount of terrestrial water, but it is 

essential for functional climate, environment, and society. The various sources of 

freshwater on land are in form of ice and snow, glaciers and ice caps, aquifers and soils, 

and surface water (rivers, reservoirs, wetlands, lakes and other inundated areas due to 

rainfall). Continuous exchange with the atmosphere makes terrestrial water as a part of the 

hydrological processes. Therefore, effective terrestrial water management in gauged and 

ungauged basins requires understanding of fundamental hydrological processes (Kult et al., 

2014). Generally, it is easier to address the water quantity in gauged basins by using 

rainfall–runoff models calibrated to gauges (stream, rainfall, snowmelt, etc.) However, the 

need to focus on these issues over spatial domains with poorly maintained gauge 

observation networks are equally important (Hrachowitzet al., 2013). The challenge lies in 

the fact that some of the most hydrologically susceptible regions around the world have the 

worst maintained gauge network systems (Sivapalan et al., 2003). A number of approaches 

are preferred to address these issues including (a) extrapolation of basin response from 

gauged to ungauged basins, (b) application of remote sensing technology, (c) application 

of process-based hydrological models, (d) application of coupled meteorological–

hydrological models, and (e) combination of some/all of the above. The status quo of these 

approaches is consistently in development and their usage is increasing to address regional 

and global hydrology research. 
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1.2. Terrestrial water budgeting 

Understanding hydrological processes and forming water resources management strategies 

at global and regional scales require accurate estimates of water budgets (Kite and 

Droogers, 2000). The major water budget components include precipitation (P), 

evapotranspiration (ET), runoff (R), and combined storage in surface, sub-surface and 

groundwater as terrestrial water storage (TWS) (Fig. 1.1). On a global basis, ET accounts 

for about 70% of total P from the land surface (Rosenberg et al., 1983). About 80% of 

consumptive water use is lost in ET for global crop production (Liu et al., 2009), and can 

even range 80–90% in arid and semi-arid areas (Gowda et al., 2008). Analysis of trends for 

global runoff has been reported with increase of about 3 – 5 % (Probst and Tardy, 1987; 

Labat et al., 2004; Gedney et al., 2006). Both anthropogenic climate change and human 

water and land management are hypothesized to be responsible for the intensification in 

global runoff (Gudmundsson et al., 2019). The rivers are formed from accumulation of 

surface and sub-surface runoff. On average, the world’s rivers carry about 30–40% of total 

P on land (Wang and Dickinson, 2012). The fundamental gears to study terrestrial water 

budgeting are flow, spatial distribution, storage and variability of freshwater on land 

(Kundzewicz et al., 2007). 

It is highly required to monitor the dynamics in TWS for terrestrial water management. The 

hyper-resolution global hydrological models (GHM) in a variety in spatio-temporal 

domains are projected as a big leap towards expansion in understanding of hydrological 

processes (Bierkens et al., 2015). Due to this reason, many of the current researches related 

to terrestrial water budgeting are focused on the utilization of hydrological products from 

GHM. The current focus of majority of researchers for long-term water budgeting studies 

is on GHMs due to good temporal resolution. However, breakdown of reliant terrestrial 

water budget at finer resolutions might pose huge challenges due to increase in complexity 
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in hydrological responses (Beven and Cloke, 2012). GHMs would not be the preferred 

choice in basin-scale applications, due to the coarser resolution (Sood and Smakhtin, 2015). 

Hence, GHM are unsuitable for operative management in complex regions such as 

mountains. And therefore, it is a scientific requirement to understand the hydrological 

complexity at finer scales for advancements. 

 

Figure 1.1. Terrestrial water budgeting components. P: precipitation, ET: evapotranspiration, R: 

runoff, SWS: surface water storage, SSWS: sub-surface water storage, GWS: ground water storage, 

SWS + SSWS + GWS = TWS: total water storage. 

1.3. Remote Sensing Applications in Terrestrial water Budgeting 

When it comes to poorly gauged basins, the unavailability of hydro-meteorological records 

is a big challenge in terrestrial water budgeting. Remote Sensing (RS) techniques are 

superior in covering spatial heterogeneity of water budgeting components in poorly gauged 

basins as compared to traditional computations by gauging. These techniques play 

important role in quantification of spatial dynamics of water loss generating ET (Cleugh et 

al., 2007). However, consistent spatio-temporal availability of ET at high resolution is still 

a major problem due to frequent obstruction by seasonal clouds. It is because most of the 

satellite-derived parameters to estimate ET are within visible and thermal range of 

electromagnetic spectrum (Jiménez-Muñoz and Sobrino, 2003; Kobayashi and Dye, 2005). 

The most important meteorological input for forcing and calibrating hydrological models 

is P. Conversely from ET, the estimation of P from a variety of satellite sensors work in the 

microwave range of electromagnetic spectrum (Zeng et al., 2018). Due to this reason, there 
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is very little data unavailability scenario since the launch of first precipitation oriented joint 

international mission, Tropical Rainfall Measuring Mission (TRMM) in 1998. Some of the 

popular microwave sensors used today for estimation of P are multiple pass microwave 

(PMW), the Microwave Imager (TMI), Special Sensor Microwave Imager (SSM/I), 

Advanced Microwave Scanning Radiometer-Earth Observing System (AMSR-E), and 

Advanced Microwave sounding Unit-B (AMSU-B). However, long-term P is obtained as 

climate datasets by reanalysis. Many times, the climate datasets are validated with satellite- 

and/or gauge-observed P estimations (Sun et al., 2017). However, the best spatial resolution 

is still not more than 0.1°. The runoff is computed by physical-based or atmospheric-

coupled hydrological models by using satellite-based inputs and metadata at regional and 

global scales (Hassan, 2016; Rafiei Emam et al., 2017; Scanlon et al., 2019). The incoming 

and outgoing runoff flux at surface, also called as discharge, are important for monitoring 

the changes in terrestrial surface storage. For sub-surface, the same models are utilized as 

per the depth schemes provided within. Nevertheless, the biggest contribution of RS 

technology to terrestrial water budgeting is satellite-gravimetry. The first generation of 

satellite gravity missions, i.e., CHAMP (Challenging Minisatellite Payload; Reigber et al., 

2002), GRACE (Gravity Recovery and Climate Experiment; Tapley et al., 2004), and 

GOCE (Gravity Field and Steady-State Ocean Circulation Explorer; Drinkwater et al., 

2003), has transformed the knowledge of the changes in Earth’s gravity field. These 

changes are related to geophysical processes of mass redistribution on Earth. The most 

frequent mass redistribution on Earth is due to changes in terrestrial water storage which 

GRACE has effectively utilized. The RS techniques has revolutionized the terrestrial water 

budgeting studies in last two decades. 
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1.4. Complex River Basins 

There can be many categorizations of complexity in river basins, but the most important 

category is as per the physiography. A river basin having large physiographic variation 

might contain variation in ecology, land use and land cover (LULC), climate etc. and could 

create difficulties in hydrological modeling. The example of a river basin with complex 

physiography, Brahmaputra River basin including Eastern Himalayan Mountains in the 

Northeast Indian region, is presented in Fig. 1.2 (selected as the study area in this research). 

Various LULC in the ecoregions of the study area are shown in Table 1.1. 

Mountainous regions are the main hydrological triggers of the water cycle (de Jong et al., 

2005). Mountains and hills are crucial in the hydrological studies because these regions 

serve as origination place for several rivers of large basins (Merz et al., 2006; Kouraev et 

al., 2004; Sharma et al., 2017; Molina-Carpio et al., 2017). These regions are crucial being 

the source of snow and/or rainwater supply to the lowlands (Fayad et al., 2017). Many 

previous studies have found that the spatial variability of slope gradient, aspect, curvature, 

slope position and relative elevation, soil properties and solar radiation can influence the 

distribution of sub-surface water storage (Reynolds, 1970; Moore et al., 1988; Western et 

al., 1999). The topography in mountainous regions is mostly heterogeneous which affects 

the variability in these elements. Also, heterogeneity in antecedent soil condition and solar 

radiation are essential elements known to affect the ecosystem (Gates, 1980a; Wei et al., 

2019). The physiography is known to affect important meteorological and land surface 

variables required for energy and water budgeting. Fig. 1.3 shows the variability in 

precipitation, land surface temperature, vegetation fraction, and percentage of specific land 

use according to variation of elevation. Together these combinations create hydrological 

complexity to influence the hydrological response of an area which might not be addressed 
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by GHMs. Therefore, accounting of hydrological response by including heterogeneity in 

complex river basins is important for estimating appropriate terrestrial water components. 

1.5. Hydrological Modeling 

The difficulty in energy and water budgeting in a complex river basin is due to transition 

caused by physiographic change. The unsuitability of GHMs in complex scenario is further 

increased with unavailability of observed data (Sood and Smakhtin, 2015). Therefore, 

estimation of runoff in ungauged hilly watersheds is a challenging task due to spatial and 

temporal variations of these elements. In contrary, the hydrological processes in hilly 

watersheds can be well explained by physical-based concepts in hillslope hydrology which 

is a research realm in itself.  

Usually, terrestrial water budgeting is approached in a perspective with water entering the 

system as precipitation and leave by evapotranspiration and runoff with changes in 

terrestrial storage to monitor. However, this model is often inadequate in complex river 

basin system with hilly watersheds. It is because detailed effects of vegetation and 

subsurface properties is neglected in generation of overland flow which can change the 

spatio-temporal dynamics of water budgeting components. In previous research works, 

these functions were studied independently and recently response to their combination 

became a research priority (Berry et al., 2005). However, the upscaling process for basin 

scale studies dilutes the understanding of hillslope dominating hydrological processes. 

Therefore, the models like SWAT are more popular in application due to numerical-based 

methods with a scheme of calibration and validation at the outlet. The disadvantage with 

such models is that they are unable represent the near-real physical process (Grizzetti et al., 

2005) which is quite important in terrestrial water budgeting. 
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Alternately, it is a general practice to develop a hydrological model by the understanding 

of hydrological processes and dynamics and scale-up to the watershed level in physical-

based hydrological modeling (Dutta and Zade, 2003). There are evidences of a threshold-

based runoff delay in hilly watersheds of humid tropical or sub-tropical regions (Williams 

et al., 2002). Such a threshold mechanism of runoff generation is often closely related to 

preferential flow characteristics associated with different land covers (Tromp-van 

Meerveld and McDonnell, 2005; Graham et al., 2010; Graham and McDonnell, 2010; 

Penna et al., 2011). The preferential flow is caused by active soil macropores depending on 

land covers (Shougrakpam et al., 2010; Sharma et al., 2013). Moreover, recent research has 

also indicated that there could be separate storage system for natural vegetation and streams 

(Berry et al., 2018; Sprenger et al., 2019). Interpretation of hillslope concepts to understand 

the spatial hydrological responses and precisely integrating to upscale at basin scale can be 

a great contribution to terrestrial water budgeting in hilly watersheds of complex river basin 

systems. 

 

Table 1.1. Major LULC classes in different ecological regions in the study area. 

 

Ecological Region MODIS LULC 
Percentage of area in 

ecoregion (%) 

Himalayas 

Mixed forest 36 

Evergreen broadleaf forest 14 

Grassland 08 

   

Assam Plains 

Agriculture 30 

Cropland and natural vegetation 18 

Woody savannas 08 

   

Khasi and Garo hills 

Evergreen broadleaf forest 47 

Woody savannas 15 

Mixed forest 06 
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Figure 1.2. (a) Geographical Location of upper sub-basins of the Brahmaputra River. (b) Upper 

sub-basins of Brahmaputra River (B1-Teesta, B2-Gangadhar, B3-Manas, B4-Kameng, B5-

Subansiri, B6-Siyom, B7-Dibang and B8-Lohit). (c) Physiographic divisions of Northeast Indian 

region (HIM-Eastern Himalaya, ASP-Assam Plains, NEH-Northeast Hills). (d) Mean annual daily 

rainfall (mm/day) in Northeast Indian region (Source: GsMap daily rainfall by JAXA). (e) Mean 

annual daily temperature at 1030 IST in Northeast Indian region (Source: MODIS Terra). (f) Land 

use and land cover in Northeast Indian region (WTR-water, ENF-evergreen needleleaf forest, EBF-

evergreen broadleaf forest, MXF-mixed forest, CRP-cropland, URB-urban area, VEG-natural 

vegetation, SNW-snow, SRB-shrubland, SVN-savanna, GRS-grassland, WTL-wetland). 
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1.6. Objectives 

The main objectives of the present research are: 

1. To derive spatio-temporally consistent parameters in data deficient scenario for energy 

budgeting at moderate spatial resolution of 1 km. 

2. To estimate the annual ET flux at monthly scale using moderate spatial resolution multi-

sourced satellite data in the 3T-model. 

3. To analyse the annual fluctuations in water loss/gain components for natural and 

anthropogenic vegetation cover in the study area. 

4. To develop a hydrological model for water balance in hilly watersheds and derive 

surface and sub-surface water storage. 

 

 

Figure 1.3. Variation of (a) mean annual daily precipitation, (b) median land surface temperature, 

(c) median vegetation fraction, (d) percentage area of specific land use and land cover in the study 

area with elevation. 
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1.7. Organization of Thesis 

The thesis of the present study comprises of seven chapters. Chapter 1 contains a brief 

overview of the problem and the specific objectives taken for the study. Chapter 2 focuses 

towards understanding the relevant literatures to study the progress in data reconstruction, 

energy budgeting and process-based concepts on hillslope hydrology. Chapter 3 mainly 

documents the details of reconstruction of time-series of land surface vegetation which is 

an essential variable in energy and water budgeting. It discusses about a novel technique 

used to overcome large data deficiency. Chapter 4 describes the details of another essential 

variable in energy and water balance, the land surface temperature. The chapter summarizes 

use of an innovative spatio-temporal assimilation approach which can overcome the data 

deficiency in complex physiography. Chapter 5 outlines the other essential data 

preparation, energy budgeting, surface water budgeting and several important observations 

in the Eastern Himalayan watersheds. The conclusive evidences are used for building 

region specific hydrological knowledge. Data reconstructed from the previous chapters 

have been used for energy and water budgeting which makes it possible to observe 

consistent surface water availability in order to conclude. Chapter 6 deals with development 

of a process-based hydrological by using conclusive evidences in the previous chapter and 

literature-based concepts and observations. It summarizes the base of the model, its 

calibration scheme, simulation projections and the conclusions of observations. It also 

demonstrates the model simulation in one of the pilot watersheds of Eastern Himalaya. 

Chapter 7 is the final chapter which highlights the conclusions arrived at and also 

summarizes the research work. 
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Chapter 2 

Literature Review 

 

2.1. Introduction 

Monitoring the surface water availability is the beginning of effective management of 

terrestrial water. It requires consistency of hydro-meteorological and surface condition data 

with good knowledge of hydrological processes to derive water availability. But, majority 

of river basins in the world are ungauged or poorly gauged which makes water budgeting 

a challenging task. The challenge is raised with increase in physiographic complexity of 

watersheds like in Himalayan region. Satellite remote sensing operational in visible range 

of electromagnetic spectrum are used to monitor many land surface variables including 

those which influence hydrological processes. The land surface vegetation and temperature 

are two of the essential variables used in estimating water loss or evapotranspiration (ET). 

Satellite technology have limitations in acquisition of these variables during clouded 

situation. The Eastern Himalayan watersheds located in Northeast region of India are one 

of the frequently clouded regions in the world. There are several methods to recover the 

missing time-series data, however these methods are problem and location specific. 

Likewise, there are numerous hydrological models with specific objectives. The selection 

of a proper rainfall-runoff scheme can be key to impact the initial process of water 

budgeting. A detailed review is listed below covering all these aspects with idea of isolated, 

poorly gauged and complex hilly watersheds of Eastern Himalaya. 
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2.2. Evapotranspiration and Energy Balance Models 

ET is one of the continuously loss generating components in water budget which is driven 

by energy flux. The variable ET is the combination of soil evaporation (Es) and vegetation 

transpiration (Tc). It is an essential component for energy and mass balance in global 

ecosystems and define the environmental characteristics (Nemani et al., 2002). Its 

persistency for a prolonged time without Precipitation (P) can cause water deficit in many 

resources. So, the spatial impact of ET on other water resource components, like surface 

and sub-surface storage, is essential to monitor change in those components (Batiaanssen 

et al., 1998a; 1998b). Such crucial proportion of ET in natural processes and applications 

defines the importance of ET estimation. 

The methods to estimate ET can be categorized into three groups: energy balance, 

micrometeorological and plant physiology methods. Since micrometeorological and plant 

physiology methods face practical difficulty, suitability of these methods is limited to micro 

scale homogenous surfaces (Mu et al., 2007). On the other hand, energy balance methods 

are supportive to utilization of RS data which is advantageous in coverage of heterogeneity 

over large extents. Hence, there has been a global increase in use of energy balance methods 

in hydrological studies with time thereby forming several energy balance models. 

Initially, ET was usually estimated by water balancing which is assisted using weighing 

lysimeters. Qiu et al. (1996; 1998) proposed an algorithm, in which Es is estimated by 

including the temperature of a reference dry soil surface using input variables as 

temperature, net radiation, and soil heat flux. Its comparison with Es calculated from an 

installed lysimeter showed high R2 value of 0.94. This was one of the first experiments in 

the development of energy balance methods which had the capability to overcome many 

shortcomings of traditional ET estimation. 

TH-2464_136104017



 
 

13 
 

Surface Energy Balance Algorithm for Land (SEBAL) developed by Bastiaanssen et al. 

(1998a; 1998b) is a popular energy balance model. It is basically an empirical model with 

requirements of RS inputs assisted by field information on short wave atmospheric 

transmittance, surface temperature and vegetation height. Generally, the empirical 

relationships of SEBAL are region- and time-dependent which creates difficulty in its 

usage. Bastiaanssen et al. (1998b) verified the surface fluxes obtained from SEBAL with 

data available from the large-scale field experiments viz. EFEDA (Spain), HAPEX-Sahel 

(Niger) and HEIFE (China). The differences were found within the range of instrumental 

inaccuracies in 85% of the cases. Li et al. (2005) formulated another energy balance model, 

‘Two-source energy balance model’ for parameterizing soil and canopy energy exchanges. 

It is based on a ‘Two resistance network’ in which the interaction between the soil and 

canopy fluxes are rejected by parallel resistance and series resistance provides interaction 

via the computation of a within-air canopy temperature. Two-source energy balance model 

was demonstrated by utilization of surface temperature from Landsat TM/ETM scenes. The 

meteorological data is fed by tower-based readings in this model. The reliability of this 

model is validated for agriculture cover and soil moisture conditions meant for a narrow 

range of vegetation cover fraction. Cleugh et al. (2007) evaluated aerodynamic resistance–

surface energy balance model and Penman–Monteith (P–M) equation to estimate land 

surface evaporation at 16-day intervals using MODIS data and surface meteorology as 

inputs. It was found that P–M equation are superior in estimating ET than aerodynamic 

resistance–surface energy balance model in a variety of ecosystems. However, the impact 

of energy could not be neglected due to which Mu et al. (2007) revised the RS based P–M 

algorithm (RS-PM) as an energy balance model for global scale. The algorithm considers 

both the surface energy partitioning process and environmental constraints on ET. The 

basic inputs for the algorithm are ground-based meteorological observations and RS data. 
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Most of these models are suitable for applications in limited areas due to requirement of 

huge network of ground-based meteorological data. Concerning on poorly gauged basins, 

these models can fail in practical use because of either rationality of assumptions or 

unavailability of other supporting data. These limitations make estimation of ET in poorly 

gauged basins as one of the most challenging subjects. Luo et al. (2012) conducted a study 

using land surface energy balance theory and concepts of Qiu et al. (1996; 1998) to develop 

a new energy balance model, ‘Three temperature model (3T model)’. This model estimates 

Es for the bare soil, Ts for vegetation land, and ET for mixed regions. The requirement of 

inputs are RS-based variables and meteorological data is limited to air temperature only. 

The maximum and minimum absolute errors were found as 1.70 mm/d and 0.05 mm/d 

respectively. Also, the spatial distribution of surface ET was different in the different 

reaches in accordance with vegetation conditions. Following this work, Tian et al. (2013) 

conducted an extended case study in Heihe River Basin of northwestern China where ET 

was estimated by 3T model using MODIS products. The maximum, minimum and mean 

absolute error were found to be 1.28 mm/d, 0.02 mm/d, and 0.08 mm/d respectively. The 

3T model can satisfy regional research requirement for hydrological studies at large scales. 

However, any energy balance model can face difficulties in time-series applications due to 

involvement of RS-based inputs operating in  visible and thermal range of electromagnetic 

spectrum (Jiménez-Muñoz and Sobrino, 2003; Kobayashi and Dye, 2005). 

2.3. Moderate resolution imaging spectroradiometer (MODIS) 

MODIS platform has turned out to be one of the most general sources for satellite-derived 

land surface variables (Wan, 2014). This is because of its optimal spatial and temporal 

resolution in earth observation. It has been in operation since year 2000 to present. 

Characteristically, MODIS satellites are near-polar orbiting due to which it has high 
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temporal resolution. However, the MODIS Terra and Aqua satellites together acquire the 

images of a place for only four times a day (two ascending and two descending). Since, 

MODIS sensors operate at visible electromagnetic spectrum, the instantaneous acquisition 

is affected by presence of seasonal/non-seasonal opaque atmospheric elements like cloud, 

fog, aerosol etc. (Neteler et al., 2010; Jia et al., 2011) thereby creating spatio-temporal 

inconsistency. Therefore, several researchers around the world are engaged in development 

of reconstruction methods to solve the problem of spatio-temporal inconsistency in land 

surface variables. 

2.4. Land surface Vegetation 

Normalized difference vegetation index (NDVI) is a land surface variable which is 

computed as the normalized ratio of the difference in surface reflectance in near-infrared 

NIR( )  and red Red( ) spectrum range to their sum (Tucker, 1979) as shown in Eq.2.1. 

 NIR Red

NIR Red

NDVI
 

 

−
=

+
 

 
(2.1) 

It has essential applications in modern terrestrial studies due to its proficiency to reveal 

vegetation strength. Its application extends to fields like hydrology (Ahmed et al., 2017; 

Liu et al., 2015); hydrometeorology (Xiong and Qiu, 2011; Carter et al., 2018; Joiner et al., 

2018); agriculture (Panda, Ames and Panigrahi, 2010; Glennie and Anyamba, 2018; Padhee 

et al., 2017), disaster management (Lin et al., 2004; Gandhi et al., 2015), and climate 

change (Kundu et al., 2018; Szabó et al., 2018). It is often used in energy budgeting (Liang 

et al., 1994; Bastiaanssen et al., 1998a; 1998b; Tian et al., 2013; Mutti et al., 2019) and the 

runoff response modeling (Jin et al., 2008; Wenjuan and Hou, 2019).  

Spatio-temporal consistency of high-quality NDVI is a necessity for time-series based 

studies. But the reflectance channels used in computation of NDVI are affected by opaque 
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atmospheric components thereby creating spatio-temporal inconsistency (Carreiras et al., 

2003; Kobayashi and Dye, 2005). Justice et al. (1985) identified that it occurs as noise due 

to compositing different channels in different atmospheric conditions. Holben (1986) 

suggested suppressing defective NDVI values in the time-series by maximum-value 

composite (MVC), where NDVI was calculated from spectral channels with best pixel 

value within a period. Some of the popular MVC NDVI products used today are from 

NOAA/AVHRR, SPOT/VEGETATION, and TERRA or AQUA/MODIS. MVC NDVI 

products also reduce data gaps caused by cloud-contaminated pixels in NDVI time-series 

besides just suppressing the noise (Jia et al., 2011). However, even MVC NDVI products 

are reported with noise and data gaps in the time-series (Jönsson and Eklundh, 2002; Chen 

et al., 2004; Ma and Veroustraete, 2006; Ren et al., 2008; Geng et al., 2014). Subsequently, 

several methods have been developed to fulfill NDVI consistency (Geng et al., 2016). 

The popular reconstruction techniques used after MVC procedure can be categorized into 

five groups according to their application methods: (1) Running filter techniques – 

Savitzky-Golay filtering (Savitzky and Golay, 1964; Chen et al., 2004), the mean value 

iteration filter (Ma and Veroustraete, 2006), the changing-weight filter (Zhu et al., 2012); 

(2) Function fitting techniques – Fast Fourier transform and harmonic analysis of time-

series (FFT/HANTS) (Menenti et al., 1993; Verhoef, 1996; Roerink et al., 2000), the double 

logistic function fitting (Fischer, 1994; Beck et al., 2006), the temporal window operation 

(Park et al., 1999), the asymmetric Gaussian function fitting (Jönsson and Eklundh, 2002); 

(3) Thresholding techniques – the Best index slope extraction (Viovy et al., 1992), and the 

modified BISE (Lovell et al., 2007);  (4) Hybrid techniques – data assimilation (Gu et al., 

2009), iterative interpolation for data reconstruction (Julien and Sobrino, 2010); and (5) 

Other techniques – wavelet transform (Lu et al., 2007), and the Whittaker smoother 

(Atzberger and Eilers, 2011a; 2011b). Nevertheless, there is still NDVI data deficiency in 
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many regions due to numerous reasons which limits the studies focused on NDVI time-

series applications. 

2.5. Land Surface Temperature 

Land surface temperature (LST) is the radiative skin temperature of the earth’s surface. It 

is an influential parameter in interactions between land and atmosphere. It has enormous 

applications in the fields of climate change (Houghton et al., 2001), land cover changes 

(Tran et al., 2017), crop management (Shen et al., 2018), water management (Muro et al., 

2018; Kitsara et al., 2018) forest fire management (Chuvieco et al., 2004) etc. including 

energy balance models. Satellite-based LST are affected with similar problems to that of 

NDVI (Neteler et al., 2010). Due to use of LST in energy balance models, consistent spatio-

temporal LST availability is anticipated to increase reliability in spatio-temporal 

information in energy and water flux.  

In the recent past, there has been numerous attempts to fill spatio-temporal data gaps by 

recovering the missing LST. Generally, statistical methods are used for this purpose and 

broadly categorized into three groups by the utilization of data in dimensions viz. spatial, 

temporal, and spatio-temporal methods.(Kang et al., 2018) In spatial methods, missing LST 

is predicted by using spatial relationship (linear/polynomial) between available LST and 

ancillary data (used as covariate). The covariate/covariates is/are selected based on 

sole/combined influence on the spatial dynamics of LST (Neteler et al., 2010; Fan et al., 

2014; Ke et al., 2013). However, the complexity in relationship between covariates and 

LST increases with diverse physiography. Temporal methods employ temporal models like 

harmonic analysis of time-series (HANTS) algorithm and Savitzky-Golay filter (Xu and 

Shen, 2013) to fit available time-series of LST at any location and recover the missing 

values. But these models are designed to smoothen time-series irrespective of time due to 
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which the effect of daily variation is lost (Kang et al., 2018). It limits them to be used only 

for average predictions at large temporal intervals. Spatio-temporal methods fundamentally 

uses regression relationship with most similar pixels within the confidence of smallest 

possible distance (Yu et al., 2015; Chao Zeng et al., 2015; Sun et al., 2017). These methods 

could be restricted by lack of data due to variable factors. Zhou et al. (2017) used DINEOF 

method to reconstruct land surface temperature in Tibetan region. But, studies on its 

application for diversified physiography remains limited. Spatio-temporal inconsistency of 

LST have led researchers to develop multi-temporal approaches and increase the data 

consistency. Kou et al. (2016) successfully recovered LST at high spatial resolution from 

MODIS sensor at nighttime by utilizing microwave temperature brightness at coarse spatial 

resolution from AMSR-E sensor as a covariate series. However, this approach works for 

two data series having same acquisition time which is practically difficult to attain. Kang 

et al. (2018) used LST unaffected by clouds from MODIS Terra and Aqua platforms to 

reconstruct affected LST. The multi-temporal approaches have grown as promising 

methods to increase spatio-temporal consistency in LST. 

2.6. Irradiance, albedo, emissivity and surface response 

Incoming flux of solar radiation or irradiance (Ri) is one of the principal variables in energy 

budgeting. It drives the energy exchange process between various components on the 

Earth’s surface and influences the naturally occurring environmental cycles (Danehy et al., 

2005; Shafer et al., 2005). The sun produces shortwave radiation which enters from the top 

of the Earth’s atmosphere and reaches to the Earth’s surface after transmission though it. 

During this transmission process, a part of the shortwave radiation reaches to the surface 

either directly or indirectly (via. incidence, reflection, scattering) as incoming shortwave 

radiation (SWin). The remaining part is absorbed by various atmospheric elements and later 
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emitted towards the Earth’s surface as incoming longwave radiation (LWin). Eq.2.2 depicts 

that Rin is composed of SWin and LWin. 

 R SW LWi in in= +   (2.2) 

After reaching to the Earth’s surface, some amount of SWin is reflected from the surface 

while remaining is absorbed. This proportion of the SWin reflected by the Earth’s surface 

as outgoing shortwave radiation (SWout) is called Albedo (α) and it is shown in Eq.2.3. The 

remaining shortwave radiation (SWnet) as shown in Eq.2.4, contributes to conversion of 

water to vapour form. The Earth’s surface also absorbs LWin which is later emitted as 

outgoing longwave radiation (LWout) in a proportion represented by emissivity (ε). The 

water to vapour conversion process is also assisted by remaining longwave radiation 

(LWnet) in a similar fashion as shown in Eq.2.5. Finally, total remaining radiation (Rnet) as 

combination of SWnet and LWnet is used to calculate the energy (Eq.2.6). This energy is 

required for the process of conversion of water to vapour as ET as shown in Eq.2.6 and 

Eq.2.7 (Swift and Knoerr, 1973; Gates, 1980b; Brubaker et al., 1996; Katul et al., 2012; 

Verdhen et al., 2014; Vourlitis et al., 2015).  

 SW

SW

out

in

 =  
 

(2.3) 

 SW SW SWnet in out= −   (2.4) 

 LW LW LWnet in out= −   (2.5) 

 R SW LWnet net net= +   (2.6) 

 R LE+G+Hnet =   (2.7) 

Since, the net radiation is calculated from α and ε, it makes these as the decisive components 

for energy budgeting techniques. There are many studies to use ε in energy balance out of 

which the most accepted form for water balance is using a combination of ε for both 

atmosphere and surface to define LWout as their function (Swinbank, 1963; Brutsaert, 1975; 
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Crawford et al., 1999; Niemelä et al., 2001). Currently, α and ε are calculated as functions 

of reflectance in shortwave and longwave ranges by using RS technology (Xiong and Qiu, 

2011; Tian et al., 2013). 

The most accurate source of collecting Ri are conventional ground-based instruments in 

meteorological and climatological stations. However, it is difficult to obtain the same for 

large spatial extent, especially in the mountainous regions. Many times, it is dealt by 

interpolation techniques for small regional extents but requires high number of recording 

stations as demonstrated by Jeong et al. (2017) and Rodríguez-Amigo et al. (2017). Other 

alternatives include empirical correlations using different meteorological, astronomical and 

geometrical factors (Besharat et al., 2013). Majority of these are limited to regional extents 

and often fails to accommodate the complexity of terrains. In recent years, irradiance 

products from several RCM/GCM, reanalysis or multi-satellite and gauge observations are 

available at global scale such as GLDAS (Rodell et al., 2004), CALIPSO (Kato et al., 2011; 

Stubenrauch et al., 2013), JRA-55 (Kobayashi et al., 2015), Flashflux (L'Ecuyer et al., 

2008), CERES (Loeb et al., 2012; 2005), etc. Some national level energy flux products are 

derived from geostationary satellites such as GEOS (Holdaway and Yang, 2016), 

METOSAT (Stökler et al., 2016; Razagui et al., 2017), INSAT (Bhattacharya et al., 2013; 

Vyas et al., 2016), etc.1 These products projected at surface are nullifies complexity in 

surface topography due to coarse resolution. Therefore, such global and national products 

are inappropriate in hydrological applications driven by solar radiation in mountainous 

regions. The variability in topography in mountainous regions is largely responsible for 

spatial heterogeneity in irradiance (Swift and Knoerr, 1973; Gates, 1980b). In the recent 

past, algorithms had been proposed for computation of insolation which include variability 

 
1 The acronyms for the products are presented in the list of abbreviations 
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in earth's surface (Kumar et al., 1997; Tovar-Pescador et al., 2006) in the form of digital 

elevation models (DEM). These algorithms have the advantage of considering insolation 

as a function of topographical features such as elevation, slope, aspect and viewshed 

(Pelletier et al., 2017). Since, DEM is crucial for regional accuracy in insolation (Huang et 

al., 2017), spatial heterogeneity of irradiance and diurnal accumulated irradiance 

(insolation) in complex watersheds could be best captured by a fine resolution DEM. 

2.7. Time-series reconstruction 

2.7.1. Harmonic analysis of time-series (HANTS) 

HANTS is a popular algorithm used worldwide and has been concluded as one of the finest 

reconstruction techniques (Zhou et al., 2016; Geng et al., 2016; Julien and Sobrino, 2019) 

for land surface variables of recurring nature. It is represented as  

 
( ) ( )0

1

cos 2 sin 2
N

n n n n

n

RS a a f t b f t 
=

= + +  
 

(2.8) 

 S RS = +   (2.9) 

where, S, RS and ε are original time-series, reconstructed time-series and error series 

respectively; t represents the time against corresponding S, n represents the number of 

harmonic component associated with the frequency f, N is the maximum number of 

harmonic components associated with the frequencies (fn), an and bn are the coefficients of 

the cosine and sine components with fn respectively, and a0 is the baseline constant which 

is coefficient at zeroth frequency. 

Application of HANTS on NDVI time-series was first seen for Southern African and 

American Continents in the works of Verhoef (1996). Roerink, Menenti and Verhoef 

(2000) described the details on parameterization in HANTS algorithm by demonstrating its 

application on AVHRR 10-daily-NDVI MVC over Europe. This algorithm has been used 
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for a variety of applications with the aim of consistent NDVI time-series availability. It 

includes assessing the impacts of climate on vegetation (Roerink et al., 2003; Jiang et al., 

2014), understanding land cover dynamics (Morton et al., 2006, Wen et al., 2010; Wang et 

al., 2014), and determination of vegetation based biophysical variables (Wen and Su, 2004; 

Gokmen et al., 2013; Li, Jia and Zheng, 2014; Li et al., 2018) etc. 

2.7.2. Data assimilation  

Data assimilation differs from interpolation methods because it mathematically combines 

concepts with the help of observations for prediction (Reichle, 2008). It is used to achieve 

different goals like optimization, interpolation, hindcasting and forecasting where the 

methods depend according to the goals. There are several linear and non-linear methods 

used for assimilation and predict the missing data. But data assimilation can be broadly 

distinguished into sequential and non-sequential assimilation (Bouttier and Courtier, 2002). 

These approaches are classified according to time of observation made and application for 

prediction. Probability equalization of cumulative distribution functions (CDFs) is a simple 

but effective assimilation technique used in solving a variety of problems like bias 

correction, statistical downscaling, quintile mapping, histogram equalizing, and rank 

matching (Ines and Hansen, 2006; Baigorria et al., 2007; Piani et al., 2010a;  Piani et al., 

2010b). 

2.8. Dimensionality reduction 

Principal component analysis (PCA) is a multivariate technique that analyses a set of 

vectors in which observations are described by several inter‐correlated quantitative 

dependent variables (Abdi and Williams, 2010). There are two types of ways to describe 

these variance-covariance structure i.e. through linear or non-linear combinations 

(Hoffmann, 2007). However, mostly the linear form of PCA are used for the dimensionality 
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reduction due to simplified transformation. The PCA reduces the information of any 

number of dimensions to a transformation which yields principal components and generally 

the first and second components have most of the essential information. It is widely used 

technique in many fields for purposes like band reduction, noise removal and datamining 

including in the field of hydrological sciences (Kamali et al., 2007; Karlsson et al., 2012). 

2.9. Hydrological models 

In the hydrological studies, generally semi-distributed hydrological models (SDHM) or 

global hydrological models (GHM) are preferred. TOPMODEL (Beven and Kirkby, 1979) 

is one of the early conceptual rainfall-runoff models which is used worldwide. It is semi-

distributed in nature which uses topography and soil transmissivity information to estimate 

runoff generation. It calculates storage deficit depending on topographic index replicating 

exponential Green-Ampt method (Green and Ampt, 1911) for runoff generation. The 

Variable Infiltration Capacity (VIC) model developed by Liang et al. (1994) integrates 

large-scale parameterization of infiltration, and it uses small-scale equations for simulating 

the storage and transmission of water through the upper portion of the soil matrix. Due to 

the advantage of integrating simulations at macroscale, VIC model is used for global water 

balance studies (Bennett et al., 2018). Integration of ecological factors can add new 

dimension in hydrological modeling. With this intentions, Water and Energy Transfer in 

Soil Plant and Atmosphere (WetSpa) Model was developed with conceptualization of a 

basin hydrological system by including atmosphere, canopy, root zone, transmission zone, 

saturation zone etc. (Wang et al., 1996). But, the more the elements are included, the more 

the sources of uncertainties increase. The Soil Water Assessment Tool (SWAT) model is 

one of the distributed hydrological models and it is being widely used for spatial analysis 

at the watershed level (Arnold et al., 1998). Recently, SWAT has gained popularity due to 
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the capability to adjust and calibrate the parameters to minimize the uncertainty (Thavhana 

et al., 2018). However, this model has the limitation of lumping the spatio-temporal 

information. Despite the popularity of SWAT, a parallel branch of hydrological modeling 

is focused on process-based concepts, eg. ISBA–MODCOU (Habets et al., 2008; Decharme 

et al., 2013) considering land surface model Interaction Soil–Biosphere–Atmosphere 

(ISBA) and the distributed hydrological model MODélisation COUplée (MODCOU); 

Soil–Water–Atmosphere–Plant (SWAP) developed by Kroes et al. (2003) keeping focus 

on irrigation and drainage assessments; and Water and Energy Transfer between Soil, 

Plants, and Atmosphere under quasi-Steady State (WetSpass) which performs the water 

balance computation at a raster cell level (Abdollahi et al., 2017). 

2.10. Advances in process-based hydrological modeling 

A process-based hydrological model can be in form of a mathematical formulation 

representing the hydrologic state variables describing the physical processes. It can be 

developed by combining two ideas: observability and scale (Fatichi et al., 2016). The runoff 

generation is considered as one of the important hydrological processes at the beginning of 

water cycle. It describes the initial partition of precipitation into surface and sub-surface. 

There are evidences of a threshold-based runoff delay in hilly watersheds of humid tropical 

or sub-tropical regions (Williams et al., 2002). Many hydrologists argue with collective 

experiments at watershed scale that this delay is due to antecedent conditions of soil (Penna 

et al., 2011). However, most of them have reported diverse observations in hillslope and 

riparian zones of the watersheds. 

Another branch of researchers specialized in hillslope experiments have mentioned that 

runoff delay is caused by presence of macropore fraction (Torres et al., 1998; Shougrakpam 

et al., 2010; Sharma et al., 2013; Sarkar et al., 2015). The Macropores are large soil pores 

TH-2464_136104017



 
 

25 
 

in soil, usually greater than 0.08 mm in diameter which allow free movement of air and 

water by gravity (Chouksey et al., 2017). The macropore network triggers the preferential 

flow characteristics as the first draw from precipitation (Tromp-van Meerveld and 

McDonnell, 2005; Graham et al., 2010; Penna et al., 2011) thereby delaying the surface 

runoff generation. It determines what fraction of precipitation bypasses the root zone and 

directly contributes to subsurface flow (Menichino et al., 2014). Preferential flow drawn 

from rainfall due to presence of macropores is considered as the primary dominant control 

on runoff generation at hillslope scale. The variation of macropore distribution is often 

associated with different land covers due to which its impact on runoff generation is studied 

(Niehoff et al., 2002; Bachmair et al., 2009; Das et al., 2014; Mayerhofer et al., 2017). It 

can be interpreted from these studies is that land cover has strong control over water flow 

in soils due to which contrast in runoff response to rainfall is seen. However, a common 

phenomenon is observed that the wet phase has shorten delay in runoff generation than the 

dry phases. It is due to active macropore network which increases the connectivity thereby 

raising the hydraulic conductivity in the vadose zone of hillslopes (Graham et al., 2010). 

Therefore, another important aspect is the topsoil matrix which is highly crucial in defining 

the preferential flow and infiltration process altered by macropores (Bachmair et al., 2009). 

In the last two decades, there have been substantial conceptualization of hydrological 

processes at hillslope scales via. experimentation at field sites. However, most studies 

require hydrological applications at watershed scale. Despite of several recent advances in 

hydrological processes at hillslope, the growth in its application for hydrological 

predictions at watershed scale is very little (Sivapalan, 2003). There could be various 

reasons but mostly it is cited as due to heterogeneity, complexity, uncertainty, etc. while 

upscaling from hillslope to watershed. Commonly, the field experiments conclude the 

observed hydrological processes to be complex at the hillslope. However, regardless of 
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complexity in process-based hydrological concepts, spatial scale is important over which 

hydrological effects of land cover are dominant (Ogden et al., 2013). As a guidance to 

develop effective process-based hydrological model, past studies have advised to focus on 

dominant processes rather than unnecessary detail in order to upscale the concept from the 

hillslope to the watershed (Sivapalan, 2003; Graham and McDonnell, 2010). 

  

TH-2464_136104017



 
 

27 
 

Chapter 3 

Reconstruction of Land Surface Vegetation 

 

3.1. Introduction 

Satellite-derived Normalized Difference Vegetation Index (NDVI) has the proficiency to 

reveal surface vegetation strength. Consistent spatio-temporal availability of NDVI is a 

necessity for time-series based studies in many fields. Most of the NDVI reconstruction 

techniques are highly dependent on the available data at a specific location. Hence, a major 

limitation arises with possibility of insufficient observation frequency which can affect the 

quality of NDVI continuity in time-series. HANTS is no different from other methods and 

shows poor performance during large data gaps in the NDVI time-series (Xu et al., 2015; 

Zhou et al., 2015). It is difficult to attain good performance for all possible combinations 

of gap solely by HANTS (Atzberger and Eilers, 2011b). Therefore, pre-filling the NDVI 

time-series prior to application of HANTS have been addressed in limited recent studies, 

eg. Temporal-Similarity-Statistics (TSS) by Jia et al. (2011) and spline by Liang et al. 

(2017). However, pre-filling in these studies are either limited to temporal dependence or 

do not reflect the land surface phenology. There is a need to incorporate efficient 

methodologies to overcome this problem. Musial et al. (2011) concluded that the optimal 

gap-filling approach for geophysical time-series depends on the type and distribution of 

gaps. This chapter introduces a method to capture the similar temporal variation in NDVI 

time-series within a confident spatial extent. Then this information is utilized to increase 

relevant observation frequency in NDVI time-series to as a support for application of 

HANTS algorithm. 
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3.2. Land surface phenology 

Phenology is the timing of recurring biological events driven by biotic and abiotic forces 

(Liu et al., 2014). Land surface phenology deals with cyclic pattern of land surface 

vegetation and it is used as a key indicator of vegetation dynamics. Application of HANTS 

algorithm has enabled to understand the vegetation evolution and phenological 

characteristics in the last two decades (Jun et al., 2009; Liu et al., 2014; Anav et al., 2018). 

The phenology of vegetation is largely associated with climate and terrain characteristics 

(Azzali and Menenti, 2000; Chen, 2017; Kiapasha et al., 2017). Moreover, vegetation in 

the same ecoregion faces similar climate and human conditions (Yang et al., 2017). Due to 

this reason, various classes of land-use/land-cover (LULC) are often classified by using 

land surface phenology (Friedl et al., 2002; Padhee et al., 2017). Therefore, we can draw 

that land surface phenology of a particular LULC is supposed to vary similarly to that of 

same LULC with identical conditions in same ecoregion. However, formerly the time-

series data of NDVI is used to delineate land surface phenology (Xiao et al., 2009). NDVI 

time-series dataset reflects natural phenomena which is nonlinear (Verma and Dutta, 2013) 

and usually is a resultant of components like noise, inter-annual fluctuations, and long-term 

trends (de Beurs and Henebry, 2005; Verbesselt et al., 2010). It means NDVI trajectory 

continuously tends to follow local phenology (phenology at a spatial location or pixel) and 

any deviation from it is due to noise, inter-annual fluctuations, and/or long-term trends. 

Since, there is a strong link between NDVI, local phenology and regional LULC, 

approaches involving spatio-temporal investigation of land surface phenology of LULC are 

expected to grasp essential evidences for missing NDVI in highly cloud-contaminated 

regions. 
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3.3. Data used 

MODIS-NDVI is one of the widely used NDVI MVC products in research related to 

vegetation phenology (Beck et al., 2006; Bucha and Koren, 2017; Testa et al., 2018). The 

NDVI 16-daily MVC product from Terra-MODIS (MOD13A1 v006) at 500 m spatial 

resolution (Didan, 2015) for a study period of years 2001 – 2016 was used to carry out the 

reconstruction. This product was downloaded from the website (https://lpdaac.usgs.gov/). 

MOD13A1 product is available with quality assurance (QA) layer with 16-bit codes as flag. 

Only reliable values (i.e. flag “0000” or pixels unaffected by atmospheric obstructions) are 

selected as the NDVI time-series values in this work. Fig. 3.1 shows the percentage of 

NDVI data availability in order to present the severity in the study area. 

The annual land use/land cover (LULC) data from MODIS (MCD12Q1 v006) was also 

used for this work. This product is having IGBP global vegetation classification scheme 

(Friedl et al., 2002) at a spatial resolution of 500 m. The annual LULC time-series was 

divided into two groups, i.e. static and dynamic on the basis of whether a LULC class of a 

pixel remains same for 16 years of study period or changes (Fig.1.). Most of the study area 

is covered with forest cover. Also, water and snow classes were used for masking on NDVI 

data in the respective years. It is because this study is meant for reconstruction of NDVI 

time-series for areas which are vegetated round the year. 

    

Figure. 3.1 (a) MODIS NDVI availability and (b) virtual stations in the study area. 
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Standard pixels were selected as virtual stations for methodological evolution, validation 

and performance evaluation of the proposed approach (Fig. 3.1b). One random pixel from 

three major LULC in each ecoregion (Table 1.1) having the properties of spatial 

homogeneity and temporally static LULC (Fig. 1b) throughout the study period (2001-

2016) were selected as virtual stations. The details of these virtual stations are presented in 

Table 3.1. A pixel was considered as spatially homogenous if the LULC class of its 

surrounding eight pixels are of same class, whereas temporally static if its LULC class has 

not changed in the study period. 

Table 3.1. Details of the virtual stations used in the study area. (Note: Codes for LULC: MXF – 

mixed forest; GRS – grassland; CRP – cropland; VEG – natural vegetation; SVN – savanna; EBF 

– evergreen broadleaf forest; Codes for Ecoregion: HIM – Eastern Himalaya; ASP – Assam Plains; 

NEH – Northeast Hills.) 

3.4. Methodology 

The schematic diagram of methodology followed in this work is presented in Fig. 3.2. It 

shows the methodology which is applied for pixels having both static and dynamic LULC. 

The portion of flow chart within the dashed box differs for pixels having static and dynamic 

LULC where NL stands for the number of LULC classes existent at a pixel in 16 years of 

the study period. However, rest of the portion is commonly applied for all the pixels. A 

Virtual Station LULC Latitude Longitude Ecoregion 

VS1 MXF 28.54 94.61 

HIM VS2 GRS 27.07 92.72 

VS3 CRP 27.35 89.47 

VS4 CRP 26.57 90.85 

ASP VS5 VEG 25.92 91.45 

VS6 SVN 26.54 93.26 

VS7 EBF 24.47 93.04 

NEH VS8 SVN 23.84 92.04 

VS9 EBF 25.81 94.30 
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detailed description of the various components of the flowchart is presented in this section. 

3.4.1. Reference phenology curve 

It is essential to have a reference trajectory of annual phenology at corresponding pixel to 

control the pre-filling. So, annual reference phenology curve (NDVIref) was computed for 

each pixel from annual NDVI series (2001 – 2016) as shown in Eq. 3.1 to Eq. 3.3. 

 ( ), ,,NDVI NDVI NDVI 2
i j i ji j

maxref med= +  (3.1) 

 ( ), ,NDVI max NDVIi j i j
max k=  (3.2) 

 ( ), ,NDVI median NDVI
i j i j

kmed =  (3.3) 

where, (i,j) represents spatial location of the pixel, the subscripts ref, max and med represent 

reference, maximum, and median, respectively computed at a specific temporal position 

(k) in annual curve of NDVI series. Due to absence of median and maximum values, 

computation of reference is not possible. Such points on the annual NDVIref curve were left 

as null data. The NDVIref curves affected by null values were restored by a search and fill 

algorithm (SFA) as shown in Appendix-A2. Abruptness of NDVIref curve due to limited 

statistical observations is smoothed to produce SNDVIref by HANTS to represent true 

reference phenology curve with continuous trajectory. The HANTS parameter setting is 

presented in the Appendix-A1. 

3.4.2. Moving offset method (MOM) 

It was assumed that the temporal continuity of NDVI changes from one point of time to 

another continuously and non-linearly but tends to follow the local phenology. The offset 

of valid NDVI points to its corresponding points on SNDVIref at the extreme of missing 

span are linearly interpolated. Later, missing NDVI values are predicted by adding the 
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interpolated results with the points at SNDVIref. By the virtue of moving the linearly 

interpolated offsets on reference phenology curve, this method of pre-filling is named as 

Moving Offset Method (MOM). This method was directly used for pre-filling NDVI time-

series with the help of SNDVIref time-series for the study period. A conceptual 

demonstration of MOM for pre-filling the missing NDVI is presented in Fig. 3.3. In the 

figure, W1 and W5 represent the offset of NDVI from SNDVIref time-series at the extreme 

ends of missing span.  

 

Figure 3.2. Schematic flow diagram for reconstruction of NDVI time-series by using MOM and 

HANTS where NDVIref is the reference phenology curve, SNDVIref is the smoothed reference 

phenology curve, NL represents number of LULC classes at a pixel from 16 years (2001 – 2016). 

 

 

Figure 3.3. Conceptual diagram of Moving Offset Method for pre-filling of NDVI time-series. 
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3.5. Results and Discussion 

3.5.1. Robustness of MOM 

MOM was compared with other popular interpolation methods (IDW and cubic spline) for 

checking its robustness in pre-filling the NDVI time-series. For this purpose, yearly NDVI 

data with highest availability at virtual station was intentionally reduced from the mid-year. 

The reduced annual data was applied to the three pre-filling methods MOM, IDW and cubic 

spline. Variation of R2 value with decrease in valid data was tested as a measure of 

robustness of predictions by the pre-filling methods.  

The virtual stations, VS1 (mixed forest), VS4 (agriculture), and VS7 (evergreen broadleaf 

forest) were selected for checking the robustness of MOM. For VS1 and VS4, year 2006 

was found as the least problematic year with a data availability of 86.9% and 73.9%, 

respectively. Similarly, year 2001 was found least problematic with a data availability of 

95.7% for VS7. Fig. 3.4 shows the coefficient of determination (R2 value) for interpolating 

the missing NDVI values in the year with variable data gaps against original NDVI values. 

Since, the first set of graphs (Figs. 3.4a, 3.4d, and 3.4g) are plots for interpolated NDVI 

against original NDVI in the respective years, it shows R2 value as 1 for all the methods. 

However, an overall decline in R2 value for all the methods at all virtual stations could be 

seen with decrease in data percentage. MOM is found with better predictions than IDW and 

cubic spline in VS1 and VS4 with R2 value over 0.8 (Fig. 3.4b, 3.4c, 3.4e, 3.4f), while at 

VS7, cubic spline was found as the best predicting method with R2 value over 0.8 where 

MOM was moderate with R2 value of 0.78 (Fig. 3.4i). Both cubic spline and IDW methods 

failed during low data availability at VS1 (Fig 3.4c) and VS4 (Fig. 3.4f), respectively (with 

R2 value under 0.5 in both cases). Therefore, it can be considered that MOM is more robust 

for predicting NDVI time-series in variable data gap conditions than IDW and cubic spline 

methods. 
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3.5.2. Seasonality trait in different approaches 

A comparative analysis between reconstructed NDVI time-series by four approaches at the 

virtual stations and in the study area was also conducted. The approaches are (i) HANTS 

(HA), (ii) IDW prior to HANTS (IHA), (iii) cubic spline prior to HANTS (SHA), and (iv) 

MOM prior to HANTS (MHA). The parameter settings for application of HANTS to 

reconstruct annual time-series is shown in Table A2. 

The seasonality trait is based on visual interpretation of surface plot of time-series against 

years where the anomalies in seasonal high, low and transition is compared during 

reconstruction span. The reconstructed time-series for VS1, VS4 and VS7 are shown in 

Fig. 3.5. Most data deficient years were found as 2015 and 2016 for VS1, 2008, 2012 and 

2016 for VS4 and year 2016 for VS7. Due to long gaps of missing values in above 

mentioned years, application of HA with the parameter settings (Table A2) is not able to 

reconstruct values in respective seasonal range. Rather, HA predicted a series of low values 

(as set in low threshold setting in Table A2) in this time. It shows failure of direct 

application of HA to long data gaps. 

Addition of an pre-filling method prior to application of HANTS was helpful in overcoming 

this problem. Visual interpretation of Fig. 3.5 shows the shortcomings of IHA and SHA as 

compared to MHA. For VS1 (mixed forest), the mark near (i) shows that IHA was unable 

to identify seasonal low and overestimates in years 2015 and 2016. A similar 

overestimation was seen by SHA in year 2016 as shown in mark near (ii). But MHA was 

observed to predict seasonal low properly in the years 2015 and 2016 for VS1. For VS4 as 

agriculture, the occurrence of dormant and peak seasons is equally important where a clear 

boundary separating the two seasons is logical due to yearly crop calendar and human 

activities. Comparison between vertical lines drawn near (iii), (iv) and (v) shows that 
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division between dormant and agricultural season is more prominent for the case of MHA 

than IHA and SHA. Also, IHA was unable to reconstruct seasonal low in year 2016 as 

shown at mark near (vi), whereas MHA and SHA succeeded. For VS7 (evergreen broadleaf 

forest), all MHA, IHA and SHA performed similarly except for that IHA failed to 

reconstruct seasonal low in 2016 as shown at mark near (vii). From visual observation it 

was found that MHA satisfied most of the details of seasonality trait for virtual stations as 

compared to HA, IHA and SHA. 

3.5.3. Fitting performance 

The fitting performance of reconstructed NDVI was evaluated on the basis of three 

indicators. The first indicator is linearity of reconstructed NDVI time-series (RNDVI) with 

SNDVIref time-series represented by correlation coefficient (R value). It represents the 

capability of approach to reconstruct NDVI time-series in relevance to seasonality trait. 

The second indicator is Normalized Noise Related Error (NNRE) which is proposed by 

Zhou et al. (2016) as fitting evaluation standards. NNRE is the normalized difference of 

Fitting method Related Error (FRE) and Overall Reconstruction Error (ORE) as described 

in Eq. 3.4 to 3.6.   

 ( )
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Here SNDVIref is fitted reference phenology curve, NDVIref is the reference phenology 

curve, and RNDVI is reconstructed NDVI time-series, n is respective number of elements. 

The ORE expresses overall reconstruction performance, while FRE estimates the accuracy 

of the mathematical descriptors of the reconstruction models. On a scale of -1 to 1, larger 

NNRE means a weaker influence of FRE on overall reconstruction or bad fit whereas small 

NNRE means the ORE can be mainly explained by FRE or good fit. Indicators of fitting 

performance i.e. R, ORE, FRE and NNRE for 16-daily time-series at virtual stations of the 

study area are presented in Table 3.2. 

It shows that ORE exceeded the error limit of 0.05 with highest values at most of the 

instances for HA. The worst performance is mainly due to inability of HA to reconstruct at 

large data gaps. Addition of an interpolation prior to application of HANTS reduced this 

error remarkably. However, except for VS1, methods other than MHA could not reduce 

ORA below 0.05. The FRE always stayed below 0.05. It is only at VS9 that HA performed 

best due to least problems in large data gaps in original time-series. MHA performed best 

with lowest ORE and NNRE at majority of virtual stations (VS1, VS3, VS4, VS5, VS6, 

VS7 and VS8). In other cases, IHA performed best at VS2, but the performance of MHA 

at VS2 was second best with marginal difference in NNRE than that of IHA. MHA was 

also seen having NNRE with slim difference to that of HA at VS9. It was seen that unlike 

HA, IHA and SHA, on the basis of ORE and NNRE, the performance of MHA is either 

best or second best with marginal difference than that of the best method. Also, the 

correlation coefficient (R value) of MHA with local reference phenology curve is highest 

for all the virtual stations. It signifies that MHA have more capability to restore local 

phenology pattern in reconstructed NDVI time-series which is reasonable according to 
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seasonality trait. On an overall understanding, MHA was able to effectively fit the 

shortcomings which were faced with HA. 

Fig. 3.6a shows the overall fitting performance of HA, MHA, IHA and SHA approaches 

over the study area. The distribution of NNRE in the boxplots shows that overall population 

between the 1st and 3rd quartiles along with median is least in case of MHA from all other 

approaches. The spatial averages of NNRE for the study area with various approaches were 

found as 0.21, 0.25, 0.29, and 0.19 for HA, IHA, SHA and MHA, respectively. It indicates 

that a major part of the study area has reduced NNRE, which means better fitting 

performance by MHA than other approaches. Similar comparison for coefficient of 

correlation with reference land surface phenology in Fig. 3.6b shows maximum R for 

MHA. The spatial averages of R for the study area with various approaches were found as 

0.78, 0.77, 0.64, 0.88 for HA, IHA, SHA and MHA, respectively. It means reconstructed 

NDVI time-series from MHA has better association with seasonality trait. 

3.6. Conclusion 

Consistent availability of high-quality spatio-temporal NDVI time-series data (e.g., 

MODIS/SPOT/AVHRR etc.) is important for various terrestrial studies. It has led to 

development of several reconstruction methods. However, most of these methods draw 

information temporally from the available NDVI time-series to reconstruct itself. Such 

approaches lead to misestimate reconstruction outcomes when met by large data gaps. 

Hence, a new pre-filling method, MOM is adopted to improve the observation frequency. 

This method increases the relevant NDVI values in the time-series by hypothesizing that 

vegetation in the missing span should vary according to a general pattern of reference 

phenology. Utilization of phenological pattern in MOM increases the robustness in data 

deficient cases as compared to other mathematically driven interpolation techniques like 
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IDW and cubic spline. It supports the reconstruction and smoothing algorithms to predict 

approximate values during the missing span. Spatio-temporal comparison of seasonal and 

fitting performance evaluated for years 2001 – 2016 shows MOM with HANTS (MHA) to 

be superior than other interpolation methods. The NNRE for MHA was found to be lowest 

than other approaches (spatial average of 0.19). Also, in maintaining the seasonal trait, 

correlation with general phenology R was found to be highest than other approaches (spatial 

average of 0.88).  Hence, MOM can be concluded as a prerequisite of HANTS in NDVI 

time-series reconstruction. 

 

Figure 3.4. Performance of MOM, IDW, and cubic spline interpolation methods in prefilling NDVI 

time series at virtual stations. Prefilling at VS1 in year 2006 with data availability of (a) 86.9% 

(original data), (b) 69.6%, and (c) 47.5%. Prefilling at VS3 in year 2006 with data availability of 

(d) 73.9%, (e) 60.9%, and (f) 34.8%. Prefilling at VS7 in year 2001 with data availability of (g) 

95.7%, (h) 73.9%, and (i) 47.9%. 
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Figure. 3.5. The sixteen annual NDVI series for the virtual stations by different approaches (HA, MHA, IHA and SHA). (a) VS1: Mixed 

forest, (b) VS4: Agriculture, (c) VS7: Evergreen broadleaf forest. 
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Figure 3.6. Performance of NDVI reconstruction without and with pre-filling methods in the study area 

evaluated in the terms of (a) curve fitting and (b) phenological similarity. 

 

Table 3.2. Indicators of fitting performance at virtual stations in the study area (Note: Best values are 

bolded). 
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VS4 .6156 .8903 .8952 .9334 .1238 .0567 .0548 .0483 .0273 .6386 .3500 .3349 .2777 

VS5 .9264 .9617 .9396 .9694 .0575 .0429 .0473 .0411 .0147 .5927 .4895 .5258 .4731 

VS6 .7588 .9008 .9101 .9303 .0875 .0461 .0469 .0426 .0344 .4356 .1453 .1537 .1064 

VS7 .6942 .9229 .9234 .9375 .0852 .0392 .0403 .0373 .0099 .7917 .5967 .6055 .5805 

VS8 .6729 .9524 .9186 .9634 .0970 .0366 .0408 .0333 .0147 .7367 .4269 .4702 .3875 

VS9 .9726 .9730 .9734 .9746 .0386 .0443 .0402 .0390 .0204 .3084 .3693 .3267 .3131 
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Chapter 4 

Reconstruction of Land Surface Temperature 

 

4.1. Introduction 

Land surface temperature (LST) is the radiative skin temperature of the earth’s surface. It is an 

essential input in the energy balance models (Tian et al., 2013). Therefore, consistent LST data 

availability is anticipated to help in monitoring net energy to make their best utility. Satellite 

remote sensing technology has advantage over traditional ground-based measurements and its 

recent improvements have helped to obtain global spatio-temporal LST data. However, LST is 

affected by atmospheric obstacles because it is estimated using thermal region of the 

electromagnetic spectrum (Jiménez-Muñoz and Sobrino, 2003). The multi-temporal 

approaches have grown as promising methods to increase spatio-temporal consistency in LST. 

Most of these approaches are suitable for LST prediction in same physiography. Yet, these 

approaches are limited in addressing the performance in complex physiography due to other 

ancillary data as covariates. It is because the influence of ancillary data on LST might be 

limited to a same physiography. This chapter explains a framework based on multi-temporal 

approach to predict LST in complex physiography by using stochastic information. It uses LST 

as dependent and independent variables from two different sources for assimilation which 

eliminates the chances of complex relationship between two different variables. 
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4.2. Kernel density estimator 

In case of a statistical population from consistent geophysical variables, generally the 

distribution is fitted by parametric means (e.g. Normal, Gaussian, Binomial, Exponential etc.) 

due to little frequency at high and/or low extremities. However, it is not possible to use 

parametric distribution in this work due to spatio-temporal data gaps. Therefore, non-

parametric kernel density estimator (Jones, 1990; Harvey and Oryshchenko, 2012) is used to 

fit empirical distribution. The kernel density estimator returns a probability density function 

(PDF) from a sample data based on a normal kernel function evaluated at equally-spaced points 

that cover the range of the sample data. For any distribution F(x) with a corresponding 

probability density function f(x), the kernel density estimator pdfw(x) at a point x by using a 

sample of w observations (bandwidth), is given by Eq. 4.1. Its corresponding cumulative 

distribution function (CDF) or cdfw(x) is given by Eq. 4.2. 
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=  

 
  (4.1) 
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w
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x x
x H

a w=

− 
=  

 
  (4.2) 

Here, a is the sample size, K is the kernel smoothing function which is a bounded PDF 

symmetric about the origin (i.e. point x), and H is a kernel which takes the form of a CDF 

obtained by integrating K. The non-parametric distribution produced to fit empirical 

distribution from kernel estimator is called as kernel distribution and its resulting PDF and 

CDF curves are represented as pdfx (x) = P (X = x) and cdfx (x) = P (X ≤ x) respectively. 
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4.3. Data used 

The 8-daily LST composite product from MODIS TERRA satellite (MOD11A2) at a spatial 

resolution of 1 km2 is used as microscale LST (LSTm). A study period of years 2001 – 2016 

was selected. It is affected with spatio-temporal gaps in the study area as shown in Fig. 4.1a. 

It shows the spatio-temporal severity of LST inconsistency in the study area. 

LST from Global Land Data Assimilation System (GLDAS) version 2.1 NOAH LSM product 

was used as macroscale LST (LSTM). It is developed by Rodell et al. (2004) and its various 

outputs are available at the website (https://disc.gsfc.nasa.gov). This product is forced with a 

combination of model and observation based forcing data sets. It is available at a spatial 

resolution of 0.25° and temporal resolution of 3 hours. Having high temporal consistency, this 

dataset is used to derive 8-daily composites of LSTM to be used as covariate series temporally 

equivalent with LSTm. Fig. 4.2 shows agreement between spatial and temporal variability of 

LSTM and LSTm reflected by spatial distribution of temporal correlation coefficient. 

 

 

Figure 4.1. (a) MODIS LST availability and (b) automatic weather stations in the study area. 
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Figure 4.2. (a) Temporal median of MODIS LST, (b) Temporal median of GLDAS LST, and (c) 

Correlation between MODIS and GLDAS LST in the study area.  

Also, temperature data from 57 automatic weather stations (AWS) spread around the study 

area (Fig. 4.1b) was downloaded from MOSDAC website (https://www.mosdac.gov.in/). 

Being air temperature, these ground-based measurements can’t be directly validated with 

geospatial LSTs for precision but can be used to check their agreement on seasonality and 

ranges. Due to scarcity and inconsistency in the daily ground-based observations, 8-daily 

median during passing time of MODIS was used for comparison. 

4.4. Methodology 

Spatio-temporal assimilation was used to predict the data gaps between LSTm from LSTM by 

using kernel density estimator. The entire framework is divided into three parts, viz. temporal 

matching, temporal assimilation, and spatial assimilation. Temporal matching includes the pre-

processing of 8-daily LSTM composites at temporal resolution compatible with LSTm. 

Accordingly, 3-dimensional matrices of LSTm and LSTM are prepared by temporally stacking 

spatial layers of 16 years. The first and second dimensions are assigned to space while third 

dimension is assigned to time in these matrices. Temporal and spatial assimilations are referred 
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as stage 1 and stage 2 respectively. In stage 1, temporal values in time dimension from LSTm 

and LSTM matrices is captured at a spatial location (directed by latitude and longitude); 

distribution in time is mapped by using non-parametric kernel distribution2; and a macroscale-

to-microscale transfer function is used to predict a new set of temporal values. This process is 

routed till all locations across the spatial extent are completed to create a new 3-dimensional 

matrix (LSTmT) which is microscale LST predicted by temporal assimilation. In stage 2, values 

of LSTmT and LSTm in space dimension is captured for each 8-daily composite (directed by 

stacked layers); distribution in space is mapped by using non-parametric kernel distribution*; 

and a residual rectifying transfer function is used to predict a new set of spatial values. The 

process is routed till all 8-daily layers across the time-series are completed to create a new 3-

dimensional matrix (LSTn) with corrected spatial residuals. This derivative is reconstructed 

LST by spatio-temporal assimilation. A typical representation of the framework is presented 

in Fig. 3.3. 

4.4.1. Temporal matching 

 For assimilation, LSTM is required at approximate passing time of MODIS Terra satellite 

(1030 IST or 0500 GMT). It is done by fitting a curve across diurnal LSTM by first order 

Fourier fitting (Eq. 4.3) and returning the value at the specific time from the curve as shown in 

Fig. 4.4. 

 ( ) ( ) ( )0 1 2cos 2  sin 2  G t a a t a t = + +   (4.3) 

 
2 Common observations as per the availability of MODIS LST are used. 
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Here, G(t) is the resultant curve produced by Fourier fitting, a0 models a constant (intercept) 

term in the diurnal data, a1 and a2 are the coefficients of the cosine and sine components with 

fundamental frequency (i.e. 2π), and t represents the variable time of day in hours. Later, the 

returned LSTs are averaged to produce 8-daily composites of LSTM. 

 

 

Figure 4.3. Schematic diagram of the spatio-temporal assimilation by using kernel distribution. 

Latitude and longitude is represented by (x, y). The circled numbers are steps where steps 1, 2, 3, 4, and 

5 represents mapping of temporal PDF from LSTM and LSTm, conversion of temporal PDF to temporal 

CDF, prediction of LSTmT, mapping of spatial CDF from LSTm and LSTmT, and prediction of LSTn 

respectively.  
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Figure 4.4. Extraction of LST at approximate passing time of MODIS from diurnal GLDAS LST data. 

4.4.2. Temporal assimilation 

Initial assumption is made that distributions of LSTm and LSTM are well approximated by 

kernel distribution. A new derivative (LSTmT) is signified as a function of LSTM or simply xmT 

= TF(xM), where TF plays the role of macroscale-to-microscale transfer function. We utilize 

this function to predict LSTmT by using the non-linear relationship defined by probability 

equalization of CDFs of LSTm and LSTM  in time dimension (Eq. 4.4). Hence it is named as 

temporal assimilation. 

 ( )( ) ( )cdf cdfMm M MTF x x=  (4.4) 

4.4.3. Spatial assimilation 

There will be spatial difference (or spatial residual) between LST from predicted and satellite 

estimated images due to diverse daily conditions. This spatial residual is required to be 

corrected. Hence, a spatial residual corrected derivative (LSTn) is produced by mapping CDFs 

of LSTmT and LSTm in a similar way to the previous process but in spatial dimension. LSTn is 

signified as a function of LSTmT or simply xn = RF(xmT), where RF plays the role of transfer 

function to rectify spatial residual. Eq. 4.5 depicts spatial residual correction by using non-
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linear relationship defined by probability equalization of CDFs of LSTm and LSTmT in space 

dimension or spatial assimilation. 

4.5. Results and Discussion 

Having LSTm and LSTM at fine and coarse spatial resolutions respectively, the existence of 

spatio-temporal dissimilarity between these products are likely to affect LSTn. Accordingly, 

spatio-temporal investigation is followed to evaluate the performance of the methodology. For 

indicators of performance, root mean square error (RMSE) and absolute bias (B) are used as 

shown in Eq. 4.6 and 4.7 respectively. 

  ( )

1

22
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i i

i

RMSE O P N
=

 
= −  
 
  (4.6) 

  ( )
1
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i i

i

B O P N
=

= −  (4.7) 

These indicators are computed between two series, observed (Oi) and predicted (Pi), and N is 

the number entities. The indicator RMSE provided overall reconstruction performance whereas 

B indicated the overall deviation between Oi and Pi. These indicators are used independently 

for spatial and temporal verifications according to the necessity of verification. Additionally, 

the estimations from LSTn is also validated with available ground-based temperature 

measurements in the study area for checking the agreement with seasonal variation and range 

of prediction. Later, the values of LSTn are used to fill the spatio-temporal gaps in LSTm on 

the basis of overall evaluation. 

 ( )( ) ( )cdf cdfmTm mT mTRF x x=  (4.5) 
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4.5.1. Validation using MODIS original LST 

The maps of temporal medians of LSTm and LSTn in 2001 - 2016 are shown in Fig. 4.5. The 

scatter plot between the two maps confirm the restoration of spatial variation of LST with high 

accuracy (R2 = 0.98; RMSE = 0.6 K; B = 0.36 K) in the study area. To investigate the 

performance of reconstruction in complex physiography, temporal RMSE and B between LSTm 

and LSTn were checked for three physiographic classes. These classes (highland, midland and 

lowland) were classified by using k-means clustering between the vectors from DEM and 

temporal median of LSTm in 16 years. Table 4.1 presents the area proportion by physiographic 

class and corresponding indicator statistics between LSTm and LSTn. Since, the extent of study 

area includes least proportion of highland (≈ 20%) and other physiographic regions with 

majority of area proportion show good accuracy, we considered the reconstruction method as 

feasible. 

 

Table 4.1. Error statistics in physiographic zones in the study area. 

Physiographic class Area (Thousand km2) Area (%) RMSE (K) B (K) 

Highland 86.23 20.49 4.11 17.68 

Midland 115.17 27.37 2.32 5.58 

Lowland 219.37 52.14 1.85 5.57 

Overall 420.77 100.00 2.16 7.03 

 
 Common observations as per the availability of MODIS LST are used. 
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4.5.2. Validation with ground data 

Fig.4.6 shows the comparison between LSTm and LSTn with ground-based observations at 

three sample locations. It is found that most of the LSTn are within range of LSTm having 

positive correlation when compared against ground-based measurements. Therefore, we can 

consider that most of the predictions from LSTn are as good as LSTm. However, there are few 

seasonal underestimated predictions in the time-series plot (Fig. 4.6a) which can be also seen 

as outliers in the scatter plots (Fig. 4.6b). These disagreements are carried from pre-existing 

dissimilarity between MODIS and GLDAS in highland region (Fig 4.2c). It could be due to 

seasonal effect of snow cover in highland regions which could be undetected by GLDAS LST 

at coarse spatial resolution but captured by MODIS at high resolution. For an overall 

evaluation, a map of correlation coefficient (R) between LSTn pixels and various AWS points 

in the study area presented in Fig. 4.7. It is observed that out of 57 AWS, ranges of R is found 

as 0.5 – 0.6 at 8 AWS, 0.6 – 0.7 at 17 AWS, 0.7 – 0.8 at 26 AWS, and 0.8 – 0.9 at 6 AWS, 

with average R = 0.71. It confirms the credibility of predictions in reconstructed LST with 

good agreement with seasonal variation. 

 

Figure 4.5. Spatial comparison between temporal medians of MODIS LST and reconstructed LST. 
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4.5.3. Uncertainty analysis 

To know the source of uncertainty, we considered LSTm as the baseline data and computed its 

spatial mean of temporal RMSE and B with derivatives at various stages of assimilation and 

plotted it against the baseline data availability in percentage. Fig. 4.8a, 4.8b, and 4.8c shows 

the RMSE and B between MODIS LST (LSTm) against GLDAS LST (LSTM), LST after 

temporal assimilation (LSTmT), and LST after spatial assimilation (LSTn) respectively. It is 

found that most of the uncertainty are produced due to severe deficiency in LSTm 

(approximately ≤ 10%). The cases of severe deficiency in 2001 – 2016 is around 19%. 

However, 40% of reconstructed LST in these severe conditions is under RMSE of 4K and B of 

10K. Comprehensively, Fig. 4.8d shows that with advances in assimilation stages, there is 

decline in overall distribution of RMSE and B. Hence, the spatio-temporal assimilation process 

is considered to be efficient. 

TH-2464_136104017



 
 

52 
 

 

Figure 4.6. Comparison of MODIS LST and reconstructed LST with ground-based measurements for 

(a) seasonality by time-series and (b) range of prediction by scatter cloud. 
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Figure 4.7. Distribution of correlation coefficient between reconstructed LST and ground-based 

measurements in the study area.  

 

 

 

Figure 4.8. RMSE and B between (a) LSTm and LSTM in stage 0, (b) LSTm and LSTmT in stage 1, and 

(c) LSTm and LSTn in stage 2, with variation in data availability. (d) Reduction in distribution range of 

root mean square and bias between LSTm and derivatives (LSTM, LSTmT, and LSTn) with progress in 

assimilation stages (pre-reconstruction:0, temporal assimilation:1, and spatial assimilation:2). 
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4.6. Conclusion 

Satellite-based LST is constantly interrupted by atmospheric conditions to produce spatio-

temporal inconsistency. The multi-temporal approach is one of the newest methods in reducing 

this inconsistency. However, the difficulties to apply these methods grow with increase in 

terrain complexity and diverse physiography. Hence, kernel based spatio-temporal 

assimilation is used to reconstruct MDOIS LST with the help of GLDAS LST. Comparison of 

reconstructed LST with original MODIS LST shows ability to restore the spatial variability in 

complex physiography with high accuracy (R2 = 0.98; RMSE = 0.6 K; B = 0.36 K). On breaking 

the error statistics in independent physiographic classes, the method was found to be capable 

of predicting within reliable ranges (RMSE ≤ 3K) except at highland regions due to effects of 

seasonal/perennial snow cover. The spatio-temporal assimilation was also found to effectively 

encounter cases with severe data deficiency (availability ≤ 10%) given that there is uniform 

spatial distribution in the baseline data (MODIS LST). Comparison of reconstructed LST with 

ground-based measurements showed positive correlation (average R = 0.71) indicating 

agreement with seasonal variation. The credibility of reconstructed LST is inferred to be as 

good as MODIS LST to fill the spatio-temporal gaps. The methodology used in this study is 

concluded as a simple and promising approach for spatio-temporal LST reconstruction in 

diverse physiographic conditions. 
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Chapter 5 

Surface Water and Energy Budgeting 

 

5.1. Introduction 

The Two Water World hypothesis (Renée Brooks et al., 2010; McDonell, 2014; Berry et al., 

2018) is an emerging concept which advocate that streams and trees return different pools of 

water to the hydrosphere. It is expressed by new age researchers that this hypothesis is 

associated with resilience system of forests during water deficit scenario. Such advancements 

in hydrological concepts raises the complexity of rainfall-runoff modeling. However, past 

studies have showed that focusing on dominant processes can help to overcome these 

complexities rather than capturing unnecessary details (Sivapalan, 2003; Graham et al., 2010). 

Also, limited observations and knowledge poses big questions that what parameters could be 

utilized for simplification and overcoming these complexities. Furthermore, can these 

simplifications be used for poorly gauged watersheds? 

Evapotranspiration (ET) and precipitation (P) are most important variables in the water 

budgeting. Several studies in terrestrial water budgeting use these two variables as decisive 

parameters to regulate other components of water budgeting. The focus of many of the current 

researches on terrestrial water budgeting is on the utilization of hydrological products from 

global hydrological models (GHM). Since, ET estimated from GHM are generally at coarse 

resolution, breakdown of reliant terrestrial water budget at complex watersheds might not be 

approximate. It might be well represented by diverse spatial heterogeneity of ET. It is 

TH-2464_136104017



 
 

56 
 

hypothesized that spatial budget of ET and P might indicate resilience hotspots which could 

be used to unveil physical process behind hydrological complexity. This chapter summarizes 

the preparation of consistent long-term ET at high spatio-temporal resolution from satellite 

data and utilize it for identification of resilience hotspot and inspection of the indicators of 

resilience to strengthen the hydrological knowledge in complex watersheds of Eastern 

Himalaya. 

5.2. Methodology 

The methodology is divided into four parts, viz. input data preparation for energy budgeting, 

surface water budgeting, resilience hotspot identification and diagnosis to find indicators of 

resilience in complex watersheds. The details are summarized in this section and the 

methodology of consistent accessibility to surface water budget is presented in Fig. 5.1.  

5.2.1. Data preparation 

The reconstructed NDVI and LST time-series data, as discussed in the previous chapters, were 

used as the primary inputs for the energy balance. These inputs were meant for GMT 0530 or 

IST 1030 according to the MODIS Terra passing time. The other essential inputs for energy 

balance, viz. irradiance, albedo and reflectance were processed. GLDAS NOAH provides 3-

hourly average of these parameters which were used along with corresponding MODIS 

products for preparing processed inputs. Table 5.1 shows the appropriate data and processing 

used to derive these products for surface energy and water balance. For compatibility, all the 

input parameters were set at a standard of 1 km spatial resolution and 16-daily temporal 

resolution failing to which were produced by averaging in spatial and temporal dimension 

TH-2464_136104017



 
 

57 
 

respectively. In addition, annual MODIS LULC data was also used for hydrological efficiency 

analysis. 

 

Figure 5.1. Schematic diagram for calculation of water availability. 

Incoming solar radiation 

Incoming solar radiation at an instance is called irradiance (Ri) and integrated over diurnal time 

period is called insolation (Rd). It is the source of energy driving the water cycle on Earth 

(Danehy et al., 2005; Shafer et al., 2005). Hence, it is one of the principal parameters in 

hydrological applications. Most of the hydrological models use Ri and Rd from latitude-based 

empirical models. It causes uncertainty in driving force itself due to terrain complexity in the 

mountainous regions. Complexity of terrain is largely responsible for spatial heterogeneity in 

Ri (Swift and Knoerr, 1973; Gates, 1980a) which can propagate to Rd based estimates such as 

energy and water budget (Gutiérrez-Jurado and Vivoni, 2013). Complex watersheds are very 

much liable to this heterogeneity. Therefore, digital elevation model (DEM) from Shuttle 

TH-2464_136104017



 
 

58 
 

Radar Topography Mission (SRTM) at high resolution of 90m was used to calculate Ri and Rd 

thereby overcoming this uncertainty. For this purpose, Ri from GLDAS was resampled at 90m 

by bilinear cubic convolution and algorithm from Kumar et al. (1997) was used to calculate Ri 

at DEM surface. The Ri integrated for the entire solar day gave Rd at 90m. Later, these two 

derivatives were upscaled by spatial averaging from 90m to 1km for application. 

Table 5.1. Data and processing of input parameters for energy balance. 

Input parameter Products used Processing 

NDVI #Reconstructed NDVI #MOM with HANTS 

LST #Reconstructed LST #Spatio-temporal assimilation 

Irradiance 
#GLDAS 3-hourly (0.25) and 

SRTM DEM (90m) 

#Spatial downscaling of 

irradiance at 90m and spatial 

averaging at 1km 

Insolation #Irradiance (1km) #Diurnal integration 

Albedo 

#GLDAS 3-hourly (0.25) and 

MODIS 16-daily (500m) 

[MCD43A3 v006] 

#Temporal assimilation 

Red band 

reflectance 

#Reconstructed NDVI and 

MODIS 8-daily (500m) 

[MOD09A1 v006] 

#Temporal assimilation 

Albedo and Reflectance 

Since, the albedo and reflectance are implication of surface conditions, there is no appropriate 

method to recover its data gaps. However, GLDAS provides numerically modelled albedo at 

coarse resolution of 0.25° x 0.25°. To have the albedo at 1 km in resolution, a similar approach 

to that of LST reconstruction by using GLDAS and MODIS albedo products was followed but 

limited to only temporal assimilation. It is because unlike LST, there is no evidence of 

correlation among spatial albedo. Reflectance in red region of electromagnetic spectrum is 

often an indicator for land surface emissivity (Sobrino et al., 2004). Since, red reflectance is 

an integral part of NDVI computation, reconstructed NDVI time-series was utilized to predict 

the occurrence of 16-daily red reflectance at 1km by temporal assimilation. 
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Rainfall 

The GSMaP project (Kubota et al., 2006) is initiated for the development of an advanced 

microwave radiometer algorithm based on the deterministic rain-retrieval algorithm. The 

algorithms are developed based on physical models of precipitation including particle-size 

distribution. The information obtained by the precipitation radar is introduced in order to share 

a common precipitation model between the microwave radiometers and the precipitation radar 

algorithms. It uses information from satellites of TRMM, AMSR-E, ADEOS-II, and Defense 

Meteorological Satellites. The spatial resolution of GSMaP is 0.1° x 0.1° and this data is 

available from the website maintained by JAXA (https://sharaku.eorc.jaxa.jp/GSMaP/). It was 

used as the source of precipitation in water budgeting after resampling it to 1km resolution for 

compatibility. 

5.2.2. Surface energy and water budget 

Three-Temperature Model (3T model) developed by Tian et al. (2013) was used to calculate 

spatio-temporally consistent ET at 16-daily scale as shown in Fig. 5.1. Modified algorithm 

from 3T model used in this work is presented in Appendix-A3. The 3T model produces 

instantaneous ET (ETi) which is required to be converted into daily estimations (ETd). Tian et 

al. (2013) integrated instantaneous ET to get daily ET as the outcome of a time-based 

sinusoidal function (Eq. 5.1) proposed by Jackson et al. (1983). This approach is might be 

applicable to plain regions but unsuitable for complex terrains due to presence of undulating 

topography. Therefore, a new approach was used to rectify for the heterogeneity of radiation 

received in mountainous topography. The insolation (Rd) and irradiance (Ri) produced at 1km 

in the pre-processing steps were used in Eq. 5.2 to give net radiation daily net radiation (Rnet,d) 

(Samani et al., 2005). Since, Rd was calculated by using variable Ri and incident angle by 
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Kumar et al. (1997), it was free from any uncertainty caused by topography. An evaporative 

fraction (FE) was produced by using the assumption made by Nahry et al. (2011), as shown in 

Eq. 5.3 where it is believed that FE remains constant throughout the day. Therefore, it was used 

in Eq. 5.4 to get ETd (mm/day). 

 ( ) ( )ET 2ET sind i E EN t N =   (5.1) 

 ( ), ,R R R Rnet d net i d in=   (5.2) 

 ( ),LET / R -GE i net i iF =   (5.3) 

 ( ),ET 86400 ET / R -G Ld E i net d dF  =
 

  (5.4) 

where, L is the latent heat of vaporization (W/m2/mm) and G is soil heat flux (W/m2) with 

suffixes i and d representing instantaneous and daily time. Gi is computed in 3T model whereas 

Gd ≈ 0 and can be neglected. ETd calculated represented 16-daily average due to which ET 

time-series was interpolated by using spline to get daily ET time-series. Later, it was used with 

daily P time-series for inspecting the water availability as well as other hydrological diagnosis 

and indications on the mountainous topography of the study area. 

5.2.3. Hydrological efficiency and resilience 

Spatio-temporally consistent ET and P data at daily level were used to identify storage pattern 

in the study area. In depth analysis was carried out for six major LULC in the study area, viz. 

agriculture (CRP), evergreen broad leaf forest (EBF), evergreen needle leaf forest (ENF), 

mixed forest (MXF), grassland (GRS) and savanna (SVN), in order to understand the control 

of LULC in surface water budget. The hydrological efficiency (η) was calculated as the 

proportion of ET and P over a period (water year in this case) as shown in Eq. 5.5.  
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1 1

η ET P
m m

t t

t t= =

=   
 

(5.5) 

where, t represents time step and m represents limit of the time period. Eq. 5.5 for yearly time 

period yields annual water budget. The value η indicated the capability of a particular area to 

effectively convert P into ET. A value of η greater than 1 indicated the presence of water from 

storage or some other means. Moreover, it was broken down to seasonal scale to see the pattern 

of storage activity throughout the year. These storage patterns analyzed over time were 

anticipated to indicate the hotspots where the stored water is utilized in P deficit scenario. Such 

areas might exceed the cumulative ET over cumulative P for certain time period. These events 

will be called hydrological anomaly. High frequency of anomaly indicates the presence of 

more resilient area. Therefore, analysis of frequency of hydrological anomaly in 15 water years 

(2001-02 to 2015-16) was done for investigating on resilience of LULC.  

5.2.4. Indicators of hydrological resilience 

The spatial variation of nine physical parameters were selected and checked for relationship 

with spatial variation of frequency of hydrological anomaly. These parameters are described 

in Table 5.2. Since, Eastern Himalayan watersheds are complex in nature, it might be possible 

that a single parameter might not solely address the complexity of frequency but can associate 

well in combined effects. Hence, the 1st and 2nd principal components of combination of 

physical parameters were also diagnosed for relationship with frequency. Again, the range of 

frequency lied between 1 – 15 and it can be considered as a weak statistic with scaling problems 

when addressed by linear relationship with a huge variation in the range of indicating 

parameter. Therefore, both the frequency and parameters were normalized to nullify the scaling 

effects followed by use 2nd order relationship to get the coefficient of determination (R2) for 
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addressing non-linear relationship. This process was conducted for 4th order sub-watersheds to 

entire watershed and highest mean of R2 was considered as the strongest indicator to address 

the resilience. 

Table 5.2. List of physical parameters used for investigation as indicators of resilience. 

Parameter Details Parameter Details 

Ti 
#Topographic wetness index 

(Beven and Kirkby, 1979) 
Vg 

#Normalized distribution of 

median NDVI in 16 years 

 

El 
#Elevation (SRTM resampled 

at 1km) 
Sa, Si, Cl 

#Overall percentage of sand, 

silt and clay in A, B and C 

horizon (Hengl et al., 2017) 

Sl 

 

#Slope (Calculated from 

SRTM DEM at 1 km) 

 

Vd 

 

#Regional valley depth 

(Conrad et al., 2015) 

Db 
#Depth to bedrock in R-

horizon (Shangguan et al., 

2017) 

 

 

5.3. Results and Discussion 

5.3.1. Seasonality 

It can be seen in Fig. 5.2 that most of the P is received in the eastern parts of NEH and ASP 

ecoregions in the study area which comes under watersheds originates in Meghalaya. The 

monsoon is found to travel from Bangladesh through NEH and ASP to appear as onset at the 

foothills of HIM ecoregion in the month of June and continues till September. March to May 

and October to November showed some pre-monsoon and post-monsoon activities 

respectively while December to February receives negligible P being dry. The HIM ecoregion 

is found to receive least rainfall relative to the other ecoregions study area. However, the 

western parts of HIM ecoregion receives a good amount of pre-monsoon activity from April 

to May. These parts are located as upstream of Brahmaputra River. On the other hand, the 
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water loss component, ET was seen to rise and decline in the span of June to September (Fig. 

5.3). It is interesting that ET in the study area rises and declines according to onset and decay 

of monsoon. It indicates that ET is highly dependent on available water from occurrence of P. 

Since, the study is strongly focused on Eastern Himalayan watersheds, HIM ecoregion was 

analyzed exclusively apart from other ecoregions.  

To know the spatial variability in water availability, monthly P was subtracted from ET (Fig. 

5.4). Monthly ET exceedance from monthly P indicated the hotspots where water storage is 

possible. It was found that most parts of the study area gained water by higher P from April to 

October whereas lost water by higher ET from November to March as a pattern. Nevertheless, 

spatial variability in ET exceedance indicated control of LULC in the surface water budget. 

Therefore, it was necessary to analyze this pattern in terms of efficiency of LULC which can 

clarify the its storage potential. 

5.3.2. Hydrological efficiency of various LULC 

Fig. 5.5 shows the annual daily median (March to February as water year) of the spatial average 

of P and ET in 2001-02 to 2015-16 over major LULC in the study area. Selection of annual 

daily median can reveal the most general scenario which might be occurring frequently 

throughout the water year. Out of selected six LULC, CRP have anthropogenic controls over 

water budget whereas other LULC are naturally regulated. It was found that high and low 

elevated EBF, MXF, and SVN are able to utilize water as ET in November to March which 

might be stored from water as P in April to October. Also, ENF and GRS which are located at 

very high elevation are unable to store water from P efficiently. ENF and GRS are located at 

very high elevation and don’t receive as high P as EBF and MXF do receive. Most of the CRP 

and SVN are lying in the lowlands and receive highest annual P.  
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Figure 5.2. Monthly average precipitation (2001 – 2016) in the study area. 

 

Figure 5.3. Monthly average evapotranspiration (2001 – 2016) in the study area. 
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Figure 5.4. Monthly average exceedance of evapotranspiration than precipitation (2001 – 2016) in the 

study area. 

 

Figure 5.5. Annual daily median (2001 – 2016) of precipitation and evapotranspiration and annual 

efficiency (η) for various LULC in the study area. 
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Table 5.3 presents the η for LULC for all the ecoregions at seasonal and annual scales. It is 

found that almost all LULC in all ecoregions, the η in post-monsoon and dry season increases. 

CRP shows a stronger increase in dry season of ASP ecoregion indicating the involvement of 

artificial water supply by irrigation in Rabi agricultural season. Comparison of annual η shows 

higher values in forested LULC (i.e. EBF, ENF, and MXF) than other classes. Relatively sparse 

vegetation classes (i.e. GRS and SVN) show lowest η throughout the annual scale. Focusing 

on HIM ecoregion, it shows that ENF and MXF are most efficient LULC in utilizing water 

from P throughout the year. The EBF and SVN, particularly situated at the transition between 

highland and foothills also show good efficiency, mostly in post-monsoon and dry seasons. It 

is understood that forests have larger η value at annual, post-monsoon and dry seasons which 

can be associated with better storage capability then sparse vegetation classes like GRS and 

SVN. Also, CRP shows very high η in post-monsoon and dry seasons similar to other 

ecoregions indicating influence of artificial water supply. It could be inferred that LULC is an 

important variable influencing surface water partition due to difference in capability of storage 

and utilization. Moreover, forest regions have are high hydrological efficient throughout the 

annual scale. 

5.3.3. Resilience hotspots 

Analysis of frequency of hydrological anomaly for 15 water years helped to know the likeliness 

of water storage throughout the year (Fig. 5.6). At annual scale, the frequency indicates 

likeliness of resilience system. A low frequency indicates no/poor storage system whereas high 

frequency indicates that the region is most likely to gain a large part of water as storage gained 

from elsewhere (most likely as preferential storage). The resulting map at annual scale shows 

clearly three different spatial zones of hydrological anomaly classes viz. Tibetian, Bhutanese 
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and Indian regions (marked as circles 1, 2 and 3 respectively in Fig. 5.6). It might be due to 

three different land policies active in those regions. Overall inspection suggests that the 

highlands in Tibetian region have very high frequency while regions at transition between 

highland and foothills have moderate frequency. Since, the derived LST in highlands of 

Tibetian region were erroneous and ET is highly sensitive to LST, the interpretations for these 

regions is not arisen. However, results in rest of the mountain stretch suggests effective use of 

stored water from monsoon in the trailing seasons. This analysis was also applied for all the 

seasons for further understanding of the pattern. It shows that the stored water in monsoon is 

used most efficiently used in the non-monsoon seasons. Combining the results from Table 5.3, 

it can be said that forest covered LULC (ENF and MXF) have high efficiency and resilience 

than other LULC. That means the forest areas have the capability to store water as preferential 

storage and use it better than sparsely vegetated areas. 

Table 5.3. Efficiency (η) of various LULC in the ecoregions of the study area (Note – Seasons PR: 

pre-monsoon; MN: monsoon; PO: post-monsoon; DR: dry; AN: annual). 

LULC 

 HIM ASP NEH 

 PR MN PO DR AN PR MN PO DR AN PR MN PO DR AN 

CRP  0.69 0.36 1.23 4.12 0.53 0.52 0.29 1.06 5.32 0.43 0.32 0.31 0.87 4.37 0.41 

EBF   0.61 0.59 0.87 1.00 0.62 0.27 0.29 0.53 0.42 0.31 0.60 0.45 1.08 2.35 0.57 

ENF  0.82 0.53 1.61 3.60 0.72 NA NA NA NA NA 0.53 0.44 1.08 4.54 0.57 

MXF  0.74 0.66 1.22 2.02 0.74 0.41 0.35 0.89 1.34 0.43 0.50 0.45 1.04 2.27 0.54 

GRS  0.56 0.39 1.03 1.85 0.48 0.39 0.34 1.09 1.66 0.41 0.34 0.35 0.94 2.77 0.42 

SVN  0.80 0.56 1.36 0.95 0.65 0.38 0.24 0.78 2.60 0.33 0.14 0.16 0.37 0.68 0.17 
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Figure 5.6. Frequency of hydrological anomaly in the study area. (Note: The circles marked 1, 2 and 

3 represents the Tibetian, Bhutanese and Indian regions respectively). 

 

5.3.4. Influence of forest on hydrologic resilience  

The principal components of 9 listed physical parameters in combination was investigated with 

frequency of hydrological anomaly at 4th, 5th, and 6th order sub-watersheds along with entire 

watershed and their mean R2 values are shown in Fig. 5.7. Due to limited range of frequency, 

low R2 values were expected as well as seen, however there were differences among various 

combinations of parameters. Therefore, to analyze significant parameters as indicators of 

hydrological anomaly, top 10 combinations with highest R2 values were listed. None of these 

watersheds showed best relationship with any of the parameters solely which advocates for 

their complexity. The watersheds Dibang and Siyom were found as most complex watersheds 
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with very low R2 values. Gangadhar, Lohit and Manas were moderately complex and Teesta, 

Kameng and Subansiri were least complex. A particular repeating combination of parameters 

is expected to address the resilience due to influence on the frequency of anomaly. It is 

interesting that in most of the watersheds the combination of hillslope parameters (Vg, Db) 

overcame topographic parameters (Ti, El, Sl), soil parameters (Sa, Si, Cl) and regional 

parameter (Vd). For eg. in case of Subansiri, the combination (Vg, Db) is seen most of the 

times in top 10 principal components list. It means that Subansiri watershed have storage 

systems that is mostly controlled by vegetation fraction and depth to bedrock in the hill slopes. 

On the other hand, Siyom watershed could be seen to be dominated by topographic parameters 

(El,Sl). The Kameng watershed, which is attached to the boundary of Subansiri watershed 

shows control of combined vegetation fraction and soil. Such contrast in combinations suggests 

that the hydrological resilience is basin dependent and it is difficult to be associated with an 

universal indicator. From regional modeling perspective, it was concluded that the storage 

system of Eastern Himalayan watershed is mostly controlled by vegetation fraction indicating 

forest cover and bedrock depth indicating higher sub-surface storage in the soil-bedrock 

interface. It can be true because the forests have evolved according to physiography and 

climate in natural conditions over millions of years, which can alter the depth of soil formation 

and storage systems. These two parameters are concluded as key variables that can indicate the 

hydrological resilience in many of the Eastern Himalayan watersheds. 

TH-2464_136104017



 
 

70 
 

 

Figure 5.7. Coefficient of determination (R2) between principal component and frequency of 

hydrological anomaly. (Ti: topographic index, El: elevation, Sl: slope, Db: depth to bedrock, Vg: 

vegetation fraction, Sa, Si & Cl: percentage of sand, silt and clay respectively, Vd: regional valley 

depth). 
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5.4. Conclusion 

Limitation of observations in poorly gauged watersheds of Eastern Himalayan region implies 

questions on understanding of hydrological complexity. Using consistent input variables for 

energy balance helped in retaining consistent spatio-temporal ET data. Using consistent ET at 

high resolution with precipitation data (P) at high resolution revealed the location of hotspots 

where annual ET exceeds annual P to be called as hydrological anomaly. High frequency of 

hydrological anomaly indicates hydrological resilience of those locations to P deficit per year. 

It is confirmed that hydrological resilient areas are mostly forest by hydrological efficiency 

test for several LULC. Hence, it is hypothesized that the additional water required for ET in 

hydrological resilience could be in form of unknown preferential storage in forest areas. Also, 

analysis for 2nd order relationship of hydrological resilience with several selected physical 

parameters along the spatial extent shows that it is directly proportional to vegetation fraction 

and bedrock depth.  Therefore, vegetation fraction and bedrock depth can be used as indicators 

for hydrological resilience. However, there can be contrasting influence of different parameters 

in the watersheds of same ecoregion. These observations are useful for knowledge building 

and could be used in assimilation strategies for development of efficient process-based 

hydrological model. 
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Chapter – 6 

Hydrological Modeling for Hilly Watersheds 

 

6.1. Introduction 

The hilly watersheds in humid tropical or sub-tropical regions are dominated by hillslope 

process where a threshold-based runoff generation is frequently seen (Williams et al., 2002; 

Das et al., 2014). This threshold is generally not encountered in hydrological modeling, but it 

is kept intact as a calibrated quantity. Researchers have stated the reason for occurrence of this 

threshold is due to presence of macropores (Torres et al., 1998; Shougrakpam et al., 2010; 

Sharma et al., 2013; Sarkar et al., 2015) and often varies with LULC depending upon 

vegetation (Niehoff et al., 2002; Shougrakpam et al., 2010; Bachmair et al., 2009;  Mayerhofer 

et al., 2017). However, it is also informed in many research outcomes that the soil-bedrock 

interface is an important factor in hillslopes (Dusek and Vogel, 2016) and have controls over 

threshold (Graham et al., 2010, Janzena and McDonnell, 2015). These findings agree with the 

outcomes of analysis form many Eastern Himalayan watersheds in the previous chapter. In this 

chapter, a process-based model from various evidences and data is developed which is applied 

on Subansiri watershed as a demonstration. Graham and McDonnell (2010) derived the 

threshold from relationship of long-term rainfall, evaporation and water budget to develop a 

macroscale hydrological model in a fill and spill approach. The developed model is having a 

similar approach. This model is formulated based on the understanding from previous chapters 

and several related works. 
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6.2. Macropores 

The Macropores are large soil pores in soil, usually greater than 0.08 mm in diameter which 

allow free movement of air and water by gravity (Chouksey et al., 2017). It is an essential part 

in hillslope hydrology which is generally neglected in hydrological modeling (Beven and 

Germann, 2013; Weiler, 2017). The presence of macropores changes the dynamics of runoff 

generation in a contrast manner with the concepts of current hydrological models. There are 

basically two types of macropores, main bypass (MB) (Hoogmoed and Bouma, 1980) which 

is continuously interconnected with increase in depth and internal catchment (IC) (Bouma and 

Dekker, 1978; Van Stiphout et al., 1987) which is not connected. The MB is first to abstract 

water out of a precipitation event and it is responsible for direct contribution to the ground 

water. The IC are the type of macropores which stores water, and hence is named after its 

purpose. The amount of water to be abstracted by macropores is computed based upon the 

macropore geometry which can vary according to different LULC (Das et al., 2014). 

6.3. Methodology 

A list of various data used for the model setup and simulation is shown in Table 6.1 which was 

run for Subansiri watershed as a demonstration. Apart from this data, monthly total dependable 

flow volume observed from (1996 – 2004) was procured from Central Water Commission, 

India (CWC). The model description is given below. 

6.3.1. Model concept 

The water balance model for poorly gauged complex watersheds of Eastern Himalaya was 

developed from physical-based concepts in a semi-distributed fashion. Flow diagram of the 

model is given in Fig. 6.1. It shows that the model has three categorical inputs viz. daily initial 
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conditions, daily forcing data and water balance parameters. The daily initial parameters are 

the various storage variables which define the antecedent condition of storages. Daily forcing 

files consists of daily incoming and outgoing water flux (P and ET respectively) and leaf area 

index (LAI) for calculation of interception loss. The water balance parameters are storage 

restricting constants dependent upon soil texture i.e. field capacity (θFC) and wilting point 

(θWP), and macropore volumes of IC and MB domains (VIC and VMB). Apart from these 

parameters, another additional set of parameters are user defined which is calibrated according 

to the observed data. These parameters are threshold (Tsur) and slope (S) values used in surface 

runoff generation and saturated hydraulic conductivity (Ksat) controlling the daily base flow 

from perched aquifer.  

Basic spatial and temporal resolution for this model was set at 1 km and 1 day respectively. It 

was assumed that each grid at this scale represents a micro-watershed with inherent properties. 

These properties were defined as the volumetric capacity for storage according to the 

heterogeneity of water balance parameters (LULC, soil texture) as described in sub-surface 

characterization section. Also, due to data unavailability, the storage capacity of perched 

aquifer was assumed to reach a maximum thickness of 1m. 

6.3.2. Sub-surface characterization 

This model is inspired from the of concepts of Soil–Water–Atmosphere–Plant (SWAP) model 

(Kroes et al., 2003; van Dam et al., 2008) and water balance with fill and spill approach 

(Graham and McDonnell, 2010). Generally, the depth of entire soil matrix is considered equal 

to depth till saturation zone. However, this model is focused on the top horizon where three-

layer system is considered (A, B and C horizons). The A-horizon is the root zone depth of 

various LULC and it was obtained from Table 6.2, which is modified from Das et al., (2005) 
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for the compatibility of MODIS LULC. The B- and C-horizons were considered to stand at 

depth of 50 cm and 150 cm from the top of the surface. 

Table 6.1. Data used in the hydrological model setup and simulation. (Note: NDSI represents 

normalized difference snow index which is calculated as the normalized ratio of the difference in 

surface reflectance in green and shortwave infrared bands). 

Variable name Data used Source 

# DEM #SRTM 90m # https://dwtkns.com/srtm/  

# Soil texture, field 

capacity, wilting 

point & bedrock 

depth 

#SOILGRIDS # ftp://soilgrids:soilgrids@ftp.soilgrids.org/  

# LULC #MODIS annual LULC # https://lpdaac.usgs.gov/  

# P 
#GsMap daily precipitation 

intensity 
# https://sharaku.eorc.jaxa.jp/GSMaP/  

# ET #16-daily ET from 3T-model 
# Interpolation from 16-daily ET to daily ET 

by spline 

# NDSI 
#8-daily reflectance from 

MODIS product 

# Interpolation from 8-daily NDSI to daily 

NDSI by spline 

# Tmax and Tmin #GLDAS temperature # https://disc.gsfc.nasa.gov/  

#Vegetation 

fraction 
#16-daily NDVI  

# Median of 16 years NDVI prepared by 

using MOM+HANTS followed by spatial 

normalization between 0 to 1 

 

The macropore volume fraction volumetric proportion of the two domains, main bypass (Vmb) 

and internal catchments (Vic) per grid is calculated by using Table 6.1 and its detailed 

description of calculation procedure is given in the Appendix-A4. The volume of soil matrix 

was limited between field capacity (θFC) and wilting point (θWP) multiplied by the depths of 

corresponding horizons as acquired from SOILGRIDS data. The water balance schemes (water 

gain and loss) in the soil matrix were carried out from top to bottom in order. The bedrock was 

considered beyond C-horizon where the depth of perched aquifer can’t overlap with C-horizon. 
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Table 6.2. Parameters of macropore geometry for various LULC (modified for MODIS LULC from Das et al., 2014). 

Parameter Description 

LULC 

ENF EBF MXF SVN 
SRB/ 

VGF 
CRP GRS 

WTR/ 

WTL/ 

URB/ 

SNW 

AH (cm) # Bottom of A Horizon -10 -4 -10 -4 -4 -2 -20 NA 

Zic (cm) # Bottom of IC domain -30 -14 -30 -13 -13 -20 -30 NA 

RZAH # Cumulative frequency distribution at Bottom of A-Horizon 0.99 0.89 0.96 0.76 0.67 0.73 0.78 NA 

m # Shape factor 1.52 0.8 1.52 0.97 0.93 1.12 1.19 NA 

Vst0 (cm3/cm3) # Static macropore volume fraction at the top soil surface 0.06 0.06 0.09 0.04 0.06 0.03 0.06 NA 

Pic (cm3/cm3) # Volumetric proportion of IC domain 0.83 0.82 0.87 0.84 0.85 0.71 0.05 NA 

dpmax # Maximum polygon diameter 32.07 32.32 35.95 33.2 34.04 17.59 32.39 NA 

dpmin # Minimum polygon diameter 12.11 12.56 10.65 11.81 11.59 15.86 12.03 NA 

 

 

Figure 6.1. Schematic flow diagram of the developed model for surface and sub-surface water balance in hilly watersheds. 
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6.3.3. Micro-watershed characterization 

Each grid in the model was assumed as a theoretical micro-watershed. These grids have 

variable threshold of runoff generation (Tsur) and hydraulic conductivity (Ksat) of the perched 

aquifer in spatial dimension. These spatial variabilities were supposed to affect the runoff 

volume in each micro-watershed. Therefore, Tsur and Ksat maps were produced to characterize 

the micro-watersheds. In the previous chapter, vegetation fraction (Vg) and depth to bedrock 

(Db) were found as key indicators for hydrological resilience. Here, it is assumed that high 

resilient areas have higher threshold values than low resilient areas due to more likeliness to 

store water in preferential storage. Hence, the 2nd order relationship between normalized Vg 

and Db with hydrological resilience (Fig. 6.2 showing for Subansiri watershed) is used as a 

weight factor to distribute Tsur in spatial extent within a range of Tsur ± 25%. The Ksat map was 

produced by using conceptual method developed by Luo et al. (2010) and it is described in the 

Appendix-A5. 

 

Figure 6.2. Second order polynomial relationship of normalized Vg and Db with hydrological 

resilience in Subansiri watershed where x and y represent normalized Vg and Db respectively. 
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6.3.4. Water flow and balance 

Fill and spill approach 

The fill and spill approach (also known as source and sink) was serially ordered according to 

observations of various studies. The water depth from P reaches to the surface after an 

interception loss due to vegetation canopy as shown in Eq. 6.1. After reaching the surface, 

water depth is computed for surface runoff generation (Eq. 6.3). It is followed by division of 

remaining water depth into different sub-surface domains (soil matrix, IC and MB). Most of 

the studies state that the macropores are first to draw incoming water on hillslopes followed 

by soil infiltration (Sarkar and Dutta, 2015; Sarkar et al., 2015). However, these studies were 

done at hourly level with P intensity. The daily level model needed a different approach 

conferring to data availability. Therefore, water depth remaining after surface runoff is divided 

according to proportion of antecedent volumetric capacity of sub-surface domains to intake 

water. The proportion of water into MB domain is directly contributed to purged aquifer 

thickness (Dp limited to its maximum capacity of 1m and any exceedance is considered as deep 

percolation). Dp is used to calculate runoff as base flow from perched aquifer (Eq.6.5) to be 

added with surface runoff to get the total runoff from a grid (Eq. 6.2). Both gain and loss in 

volumetric storage in soil matrix driven by forcing parameters was calculated from top to 

bottom order (A- to C-horizon).  

Total Runoff  

The total runoff scheme comprised of two elements in the areas with no snow cover, i.e. sum 

of runoff from surface and base flow. The surface runoff generation rate changes according to 

seasonal variations where for a same P, dry and wet seasons are observed to produce low and 

high runoff respectively (Das et al., 2014). Hence, a slope variation of 0.3 to 0.5 was assumed 
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to replicate the seasonal runoff behavior of dry to wet conditions which are standardized 

according to variation of antecedent moisture conditions of A-horizon (θA,WP – θA,FC) as shown 

in Eq. 6.4. 

 ( )P  P LAIsur C= −   (6.1) 

 R R Rsur bf= +  (6.2) 

 ( ) ( )A,FC AR  S P A Tsur sur sur  =  − − +
 

 (6.3) 

 ( ) ( ) ( ) A A,WP A,FC A,WPS  0.5 0.3 0.3    = − − − +
 

 (6.4) 

 

( )
2 2

2 2

2

π L
R = 8 L Ar exp

Ar

sat p
bf sat p

e

K pD t
K pD

n

 
 −
  

 (6.5) 

where, P and Psur are the rainfall depth falling and reaching the ground surface respectively, C 

is coefficient of interception (0.05 – 0.2 mm), LAI is leaf area index computed from NDVI 

(Eq. A3.17), R is total runoff depth and suffixes sur and bf represents that originating from 

surface and base flow respectively,  Tsur, is threshold of surface runoff generation,  S is the 

variable slope between 0.5 to 0.3 according to antecedent moisture condition in A-horizon (θA) 

between the corresponding wilting point (θA,WP) and field capacity (θA,WP), Ksat is the saturated 

hydraulic conductivity of perched aquifer, p is constant adjustment parameter (0.3465), Dp is 

the depth of perched aquifer, L and Ar are length of all tributaries and area of micro-watershed 

respectively, ne is effective porosity (0.35 - 0.4), and t is time. In the snow-covered areas, runoff 

was calculated as snowmelt by using WINSRM software (Martinec et al., 2008) with inputs as 

daily precipitation, maximum and minimum temperature data (Table 6.2) and critical 

temperature assumed at 1°C. 
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6.3.5. Calibration and validation scheme 

The observed total flow volume data from June to May of 2004 – 2005 was used for calibrating 

the model threshold values against highest Nash–Sutcliffe model efficiency coefficient (NSE) 

values (Eq. 6.6) and it was simulated for years 2001 – 2016. 

 
( ) ( )

22
NSE m o m avgQ Q Q Q=     

 
(6.6) 

where, Q is the flow volume represented by suffixes m, o and avg as modelled, observed and 

average values respectively. Due to unavailability of observed data in simulation period, water 

level data from Jason-3 altimeter from Jul-2008 to Feb-2016 was downloaded from the website 

(http://ctoh.legos.obs-mip.fr/data/hydroweb/) for indirect comparison at monthly scale. The 

location of both the CWC observation location and Jason-3 virtual station is given in Fig. 6.3. 

The selected virtual station from Jason-3 is located on the Brahmaputra River after confluence 

of tributary of Subansiri watershed and before the confluence of any other watersheds in the 

downstream. Therefore, it was expected to be most influenced by flow from Subansiri 

watershed. 

 

Figure. 6.3. Locations of CWC gauging station and Jason-3 virtual station used for comparison with 

model outputs. 
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6.4. Results and Discussion 

6.4.1. Surface and sub-surface flow 

The calibration scheme focused on adjustment of an overall threshold value of entire watershed 

with best NSE values. Fig. 6.5 shows the observed and simulated monthly total flow volume 

of Subansiri watershed. The simulations were started from a threshold value of 1cm, 2.5cm, 5 

cm, 7.5 cm, and 10cm. The simulated total volume comprised of added surface runoff, sub-

surface runoff and snow melt from the model. However, it was noticed that the used Ksat values 

were producing low base flow computed from Eq. 6.5. Therefore, the Ksat was also brought 

into calibration scheme by multiplying with a factor of 10x (x = 1, 2, 3, 4 and 5) along with the 

combination of thresholds. Simulated range of monthly flow volume resulted from the 

combinations of Ksat and threshold is shown as calibration range in Fig. 6.4. The optimum 

values for threshold of 1 cm ± 25 % and Ksat at a much higher order (≈104) than original Ksat 

produces highest NSE = 0.83 (Table 6.2).     

 

Figure 6.4. Calibration of model monthly total flow volume of Subansiri watershed. 

 

This value of optimum threshold is approximately close to that observed by Das et al. (2017). 

Also, the flow velocity is observed to attain much higher order than theoretical values due to 
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influence of macropore network (Graham et al., 2010). Agreement of Subansiri case study with 

these two previous works can be interpreted as strong influence of preferential flow on runoff 

generation. 

Table 6.3. NSE values for various simulation schemes in calibration. 

Threshold (cm) 
Multiplication factor to Ksat 

100 101 102 103 104 105 

1.00 0.56 0.56 0.57 0.62 0.84 -3.48 

2.50 0.02 0.03 0.04 0.13 0.59 -2.72 

5.00 0.00 0.01 0.02 0.11 0.58 -2.75 

7.50 0.00 0.01 0.02 0.11 0.58 -2.77 

10.00 0.00 0.01 0.02 0.11 0.59 -2.78 

 

The simulated monthly flow volume is shown as a comparison against monthly dependable 

flow volume in Fig. 6.5a. It shows that the calibrated Tsur and Ksat produces monthly flow 

volume within reasonable ranges. It is seen to that the model over predicts in peak monsoon 

period but captures the trend of onset and dissemination of flow. It might be due to limited data 

utilized for calibration of Tsur and Ksat. But precise calibration can improve the model for better 

predictions. Due to unavailability of observed data in simulated period, another indirect 

comparison with monthly water level data (Jul-2008 to Feb-2016) from Jason-3 altimeter 

shows a good relationship with monthly average flow volume simulated by the model (Fig 

6.5b). Generally, this type of relationships is established for location-specific discharge. 

However, the developed hydrological model is a water balance model due to which the 

outcome is limited in terms of flow volume. It can be utilized by an efficient routing scheme 

for mountainous topography in the future. 
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Figure 6.5. (a) Comparison of observed monthly dependable flow volume (1996-2006) and simulated 

monthly flow volume (2001-2016). (b) Comparison between simulated monthly average flow volume 

and monthly average water level (Jul-2008 to Feb-2016). 

 

The various inputs and outputs of water balance model simulated from 2001 – 2016 for 

Subansiri watershed is shown in Fig 6.6. The watershed is divided into two regions, upper and 

lower, to decode the outcomes of the model. The midlevel regions are neglected because 

majority of the area is covered with snow. It shows that most of the runoff volume is generated 

at both upper and lower regions. The reason for upper regions to produce good runoff is low 

infiltration fraction because low base flow is observed. However, the lower regions have a high 

base flow contribution and high average soil moisture which indicates that preferential flow is 

active in this region. The ET is enormously high in the lower regions even if the precipitation 

in some zones is less. This happens due to presence of forest cover as suggested in the previous 

chapter. Overall performance of the model is found to deliver the objectives of semi-distributed 

models as far as spatial variability is concerned. 
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6.4.2. Runoff response 

It is shown by several research experiments that the events of runoff generation on surface is 

rare in hillslopes (Sarkar et al., 2015). The outcomes of water balance model were analyzed 

for the number of runoff events which occurs on the surface. Fig. 6.7 shows the percentage of 

surface runoff generation out of all rainfall events between 2001 – 2016 in Subansiri watershed. 

It is found that highest surface runoff generation ratio is at the snow-covered areas and near 

the outlet of the watershed where lowland starts. The interested region i.e. forests, and 

grassland regions show this proportion ranging between 0 – 5 %. Most of the study area is 

covered with grassland in the upper regions and forest in the lower regions. As these regions 

are noticed to have high average base flow runoff but low surface runoff generation ratio, it 

confirms preferential flow activities to contribute in total runoff volume. Since, the developed 

model includes observation on macropore geometry form experimental sites at various LULC 

in Eastern Himalayan region, the macropore dominance in the hillslopes is convinced. 
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Figure 6.6. Input and output of water balance simulation from 2001 – 2016 in Subansiri watershed. 

 

Figure 6.7. Surface runoff generation ratio calculated from the GsMap precipitation and outputs of 

calibrated model simulation for 2001- 2016.  
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6.5. Conclusion 

Macropores are essential factor in hillslope hydrology which is mostly neglected in modeling 

works. The presence of macropores can change the dynamics of runoff generation scenario in 

hilly watersheds. Hence, a process based semi-distributed model was developed incorporating 

the findings of previous experiments and works in the Eastern Himalayan region. Being limited 

to volumetric predictions of runoff, the model required careful calibration of threshold and 

hydraulic conductivity from the basin outlet. Even if the is model developed purely based on 

theoretical concepts and observations, it indicated the presence of active preferential flow from 

time to time. During calibration with observed data in the basin outlet, a much higher order 

saturated hydraulic conductivity (approximately than 104 times more) than the theoretical 

hydraulic conductivity was found to have better NSE value of 0.84. It indicates the presence 

of preferential flow which is known to be responsible for increasing the sub-surface flow 

velocity. Also, the surface water balance by using the model with calibrated values show low 

surface runoff generation ratio but high base flow volume in forests. It indicates towards the 

dominance of macropores which lead a proportion of the infiltrated water volume through 

active preferential flow. Yet, there are limitations in the developed process-based hydrological 

model for water balance. Like any other physical model, the uncertainties are input data 

dependent. Several other models working with numerical modeling overcomes such 

uncertainties. However, this model has and advantage of semi distributed outputs. Also, the 

model is limited to surface and sub-surface (limited to a small depth) water budgeting. It can 

be improved further with more observation and experimentation. As far as rainfall-runoff 

modeling is concerned, it can be considered as a reasonable model specialized in hilly 

watersheds of Eastern Himalayan region. 

TH-2464_136104017



 
 

87 
 

Chapter 7 

Conclusion and Recommendations 

 

7.1. Brief Review of the Work Done 

Terrestrial energy and water budgeting in poorly gauged, complex and inaccessible watersheds 

is a difficult task. It takes consistent monitoring over a period to understand and interpret 

hydrological processes involved in water balance. The evolution of energy balance models has 

advanced to a stage where minimum in-situ data can be tolerated with use of satellite derived 

remote sensing data. However, inconsistency in satellite data propagates the produces 

inconstancy in observation and understanding of the hydrological process. Satellite remote 

sensing operational in visible range of electromagnetic spectrum are used to monitor many 

land surface variables including those which affects hydrological processes. The land surface 

vegetation condition and temperature are two of the essential variables used in estimating water 

loss or evapotranspiration (ET). Satellite technology have limitations in acquisition of these 

variables during clouded situation. The Eastern Himalayan watersheds located in Northeast 

region of India are one of the frequently clouded regions in the world. The data gaps in land 

surface variables were successfully reconstructed. Land surface vegetation condition was 

reconstructed by a novel algorithm called moving offset method (MOM). Land surface 

temperature was also reconstructed by using an innovative kernel-based spatio-temporal 

assimilation of satellite data at high resolution with a global macroscale temperature product 

from Global Land Data Assimilation System (GLDAS). These reconstructed data with other 

variables were fed in an energy balance model called the 3T-model to estimate ET at high 
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spatio-temporal resolution for 16 years (2001 – 2016). Consistency in ET data was used to 

observe certain hydrological anomaly spatial distribution of hydrological anomaly of annual 

ET exceeding annual precipitation (P). Several hotspots were located in the Eastern Himalayan 

watersheds which were highly resilient to water unavailability throughout the year. Out of 

several physical parameters, dense vegetation fraction and deep bedrock were found to be best 

associated with these hydrological anomalies. It indicates that the forest cover and preferential 

storage controls the hydrological processes in Eastern Himalayan watersheds. With the past 

studies and evidences of macropores, a specialized hydrological model for surface and sub-

surface water balance was developed exclusively for complex watersheds of Eastern Himalaya. 

It was used as a demonstration with theoretical saturated hydraulic conductivity and infiltration 

rate on Subansiri watershed. Calibration with observed values showed the existence of 

hydraulic conductivity of a much larger order than expected. It shows that the sub-surface flow 

is affected by presence of preferential flow which is known to increase the flow velocity in 

hillslopes. The developed model has capability to integrate with satellite remote sensing and 

modelled data reveal the insights of surface water balance and runoff generation processes in 

hilly watersheds at high resolution spatial resolution. It is made flexible for further 

improvisation and can collaborate the observations of hillslope experiments in variable 

conditions. 

7.2. Literature Review 

The literature review presented a thorough discussion on long-term energy and water 

budgeting in poorly gauged, complex and inaccessible watersheds. It discussed the evolution 

of energy balance models based on remote sensing applications and its limitations. The update 

on one of the longest and consistently active satellite remote sensing missions, MODIS, was 
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debated on its application in energy budgeting and hydrological modeling studies. As discussed 

by many researchers, land surface vegetation and temperature are essential inputs acquired by 

satellite remote sensing in energy balance models. It was understood that satellite data 

deficiency and complex topography are the two crucial challenges in monitoring the energy 

and water budget in mountainous watersheds. The unavailability of satellite data restricts the 

access to monitor and understand the hydrological processes based on time-series. Therefore, 

techniques to reconstruct the time-series variables derived from satellite remote sensing for 

energy budgeting were discussed with a focus on data deficient regions. It was followed by 

review on principal component analysis technique which is widely used for reducing the 

complexity in vector dimensions. A brief history of hydrological models used for water balance 

studies was also discussed to understand the approach of handling hydrological process in a 

variety of cases. Finally, an advancement over understanding the hydrological process on 

hillslope was discussed to assimilate the knowledge and concepts for the development of a 

process-based hydrological model focused on complicated watersheds of Eastern Himalayan 

River systems. 

7.3. Reconstruction of Land Surface Vegetation 

The condition of land surface vegetation is represented by satellite-derived Normalized 

Difference Vegetation Index (NDVI). Consistent availability of high-quality NDVI time-series 

data is important for energy budgeting for long periods. Most of the reconstruction methods 

draw information temporally from the available time-series to reconstruct itself. It increases 

the chances of failed reconstruction in large data deficiency. Hence, a new pre-filling method, 

MOM was adopted to improve the observation frequency. This method increases the relevant 

NDVI values in the time-series by assuming trajectory in the missing span according to a 
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general pattern of land surface phenology. It was applied with HANTS, a popular algorithm 

for NDVI reconstruction, for the years 2001 – 2016 by using MODIS NDVI time-series. 

Together, MOM with HANTS (MHA) showed a better performance in prediction when 

compared to other interpolation techniques like spline and inverse distance weighted (IDW) 

methods. The pre-filling by MOM was found to be robust than spline and IDW due in a variety 

of data deficiency conditions. Physical assumption of MOM also helped to restore the seasonal 

trait better than other methods and HANTS smoothened NDVI time-series to get high quality 

NDVI data. 

7.4. Reconstruction of Land Surface Temperature 

Land surface temperature (LST) is the radiative skin temperature of the earth’s surface and an 

essential input in the energy balance models. Like NDVI, satellite-based LST is also constantly 

interrupted by atmospheric conditions. However, daily variation of LST is not like gradual 

trajectory like NDVI. There is no core method for reconstruction of high quality LST time-

series in complex physiography. A multi-temporal approach was used to reconstruct LST from 

MODIS at 1km with the help of LST from GLDAS at macroscale resolution of 0.25°. Unlike 

other methods, using the same variable as dependent and independent variables for assimilation 

was noticed to eliminate the chances of complex relationship between two different variables. 

The assimilation was carried out by an innovative kernel based non-parametric technique. It 

uses to map the cumulative frequency distribution of both the dependent variable and covariate 

followed by predicting the missing span of dependent variable by using covariate. The 

prediction is done in two stages viz. temporal followed by spatial. Comparison of reconstructed 

LST with original MODIS LST shows ability to restore the spatial variability in most of the 

regions having complex physiography with high accuracy (R2 = 0.98 and RMSE = 0.6 K). 
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With good performance of kernel-based assimilation in complex region, the reconstructed LST 

was concluded to be suitable in Northeast region. 

7.5. Surface Energy and Water Budgeting 

Monitoring the evapotranspiration (ET) and precipitation (P) at surface level are anticipated to 

unveil some of the basic knowledge on the ongoing hydrological processes. Limitation of 

observations in poorly gauged watersheds poses big questions on understanding of 

hydrological complexity. Therefore, consistent ET was estimated by using reconstructed 

NDVI and LST time-series. Monitoring long-term ET and P data at high resolution showed 

hydrological anomaly of annual ET exceeding annual P in several hotpots. Some of these 

hotspots were observed with high frequency in 16 years of analysis which indicated the 

resilience of those regions to water deficit. To know the basis of the resilience, it was necessary 

to find a one or more physical indicator/indicators causing the process. Hence, 9 selected 

physical parameters viz. topographic wetness index, elevation, slope, bedrock depth in R-

horizon, vegetation fraction, percentage of sand, silt & clay and regional valley depth were 

analyzed singularly as well as in combinations (by using PCA) to have relationship with 

frequency of hydrological anomaly in Eastern Himalayan stretch. It was found that most of the 

watersheds were having the best relationship for vegetation fraction and bedrock depth. 

Moreover, this relationship was positive for both the physical parameters. This evidence 

combining was combined with hydrological efficiency test for different LULC to conclude that 

the forest cover having high bedrock depth are causing the frequency of annual ET more than 

annual P. The interpretation clearly indicates the preferential storage which might be possible 

due to deep macropores due to roots of forest and more space for sub-surface storage due to 
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deeper bedrock. These observations are useful for knowledge building and could be used in 

assimilation strategies for development of efficient process-based hydrological model. 

7.6. Hydrological Modeling for Hilly Watersheds 

The evidences of threshold-based runoff generation process in the hillslopes of humid tropical 

or sub-tropical regions is contrasting with most of the hydrological modeling concepts. 

Researchers have stated the reason for occurrence of this threshold is due to presence of 

macropores which is mostly neglected in modeling works and often varies with LULC 

depending upon vegetation. The soil-bedrock interface is also an important factor in hillslopes 

to have control over threshold. Since, vegetation fraction and bedrock depth displayed their 

potential to reflect frequency of hydrological anomaly (viz. presence of resilience) in many 

watersheds of Eastern Himalaya, it was considered that the variation in spatial distribution of 

threshold could be represented by these two parameters. It is because threshold and resilience 

are directly related. A process based semi-distributed model was developed incorporating the 

findings of previous experiments and works in the Eastern Himalayan region. The model used 

daily ET and P as forcing data and it was calibrated with field observations for an optimum 

threshold and saturated hydraulic conductivity. It was noticed that the model predicts the flow 

with high NSE value of 0.84 at 1cm±25% variation of threshold and a much higher order 

saturated hydraulic conductivity ≈104 m/s than expected ranges. The calibration indicated the 

presence sub-surface flow at a higher velocity indirectly hinting the presence of preferential 

flow contribution to runoff. Moreover, the existence of preferential flow was confirmed when 

same regions with least surface runoff generation ratio, but high base flow volume were 

observed. These regions were mostly forests and grassland. Therefore, it can be said that 

dominance of macropores which lead a proportion of the infiltrated water volume through 
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active preferential flow. As far as rainfall-runoff modeling is concerned, they can be considered 

as a reasonable model specialized in hilly watersheds of Eastern Himalayan region. 

7.7. Recommendations for Future Research 

The products from satellite remote sensing are found as a reasonable spatio-temporal source 

of hydrometeorological parameters for poorly gauged and isolated hilly watersheds. 

Interpretation of complex hydrological phenomenon like hydrological resilience requires 

observation of high spatio-temporal resolution hydrological components. This study provides 

a considerate towards the use of satellite based hydrological components to observe and locate 

the presence of hydrological resilience. The spatial dynamics of threshold for runoff generation 

is modeled for isolated river basins by considering direct relation with hydrological resilience 

which is indicated by satellite based geospatial parameters, i.e. vegetation fraction and bedrock 

depth. It is evident that that there is always scope for improvement in uncertainty reduction of 

remote sensing based hydrometeorological and hydrological parameters, but it can be achieved 

only with time and contribution of researchers in future. 

The interaction between hydrometeorological variables and land surface is the initial process 

focused in hydrological modeling. The consequences of this interaction are highly dependent 

upon the antecedent conditions in the sub-surface. Therefore, even with the small capability to 

store water in comparison to the total terrestrial water, the sub-surface should be treated as an 

important part in water budgeting. It consists of variable active rootzone, soil type, macropores 

and bedrock structures which creates complexities in the runoff generation. This work utilized 

some of the archived articles which characterized the sub-surface of Eastern Himalayan region 

by considering the macropore, rootzone, and bedrock dynamics through distributed dye tracer 
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experiments. However, this characterization is region-specific and further research is required 

in other regions. 

The development of physically based semi-distributed hydrological model was a challenge due 

to limitations in gauged hydrological observations. The model is developed at a timescale of 

daily inputs and defended at monthly level. It is found that the actual hydraulic conductivity at 

saturation or Ksat could be much times higher than its theoretical counterpart. Therefore, the 

development, calibration, and validation of physically based hydrological models at finer 

timescale is another dimension which has the scope of future exploration. River basins with 

rich hydrological observations can unveil several hydrological phenomena at finer timescale 

(eg. infiltration, lateral exchanges, and baseflow). It would contribute to the improvement of 

model having capability to upscale for integration with satellite gravimetry. 

 To further carry out the research in these directions, it may yield useful results. The scope of 

future research discussed as follows. 

1. Reduction of data uncertainty with multi-satellite and ground-based observations. 

2. To conduct dye trace experiments and characterize macropore geometry in a variety of 

regions.  

3. To conduct experiments focusing the sub-surface and observe the daily scale variability 

of lateral exchanges. 

4. To study and understand complexity of sparse-vegetated hilly watersheds. 

5. Integration of hilly watersheds with alluvial ground water level fluctuations. 

6. Integration with large scale satellite gravimetry data for regional interpretations of 

water balance.  
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Appendix 

A1. Parameter setting for HANTS 

Many studies have been conducted to analyse the properties of parameters of HANTS (Azzali 

and Menenti, 2000; Geerken et al., 2005; Verhegghen et al., 2014). HANTS parameters need 

to be set on the basis of experience for different time-series (Roerink et al., 2000). The 

implementation of HANTS includes fitting parameters to be set carefully when the algorithm 

is applied on different time-series and regions. There are seven basic user-defined parameters 

of HANTS for a reliable fitting curve: 

(1) Number of time samples corresponding to predefined frequencies (nb) – it controls the 

temporal length of each term in the Fourier series; 

(2) Number of Frequencies (nf) – the number of harmonic terms. Complex time arrangement 

information might require higher order for the Fourier fit to replicate the annual NDVI 

curves;  

(3) Valid data range (low and high thresholds) – the range of the input variables values;  

(4) Fit error tolerance (fet) – it is the value which controls the iterations according to whether 

observations in the times series are within a tolerable distance from the fitting curve; 

(5) Degree of overdeterminedness (dod) – it specifies the extra data points for a reliable fit 

more than the minimum points needed (ideally, 2×nf − 1); 

(6) Damping factor (delta) – it is a small positive number to suppress high amplitudes which 

might be caused due to atmospheric disturbances; 

(7) Flag direction of outliers (Hi/Lo/HiLo) – it is used to indicate the direction of 

unreasonable values “outliers” with respect to the curve. 

The best time sample (nb) for the study area was found as “45” by trial attempts and number 

of frequencies (nf) was set to a high number of 4th harmonics. Targeting on vegetated areas, 

low value of “0” and high value of “1” were set. Other parameters were set in accordance with 

works of Zhou et al. (2015) as shown in Table A1.1. 
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Table A1.1. HANTS parameter settings applied in this study. 

Parameter Notation Value 

Number of time samples corresponding to predefined frequencies nb 45 

Number of frequencies considered in curve fitting nf 4 

Low threshold low 0 

High threshold high 1 

Fit error tolerance fet 0.05 

Degree of overdeterminedness dod 5 

Damping factor delta 0.5 

Flag to indicate the direction of outliers with respect to curve HiLo none 

A2. Search and fill algorithm (SFA) 

In this work, for a pixel with static LULC, we had only 16 observations to find one value for 

NDVIref and 23 such values on temporal positions represent its annual curve. There are chances 

of unavailability of NDVI data to compute complete NDVIref for many pixels with this 

limitation. It could lead to faulty representation of SNDVIref in later stages.  The availability 

of correct SNDVIref for each pixel is important for implementation of the proposed pre-filling 

method (section 3.4.2). Moreover, total NDVI observations at a pixel is supposed to get divided 

to produce more than one NDVIref curves with dynamic LULC. It further reduces the NDVI 

observations for preparation of NDVIref in pixels with dynamic LULC. Therefore, pixels 

having NDVIref affected with null values was a major problem and required to be restored. 

Yang et al. (2017) has reported that vegetation in same ecoregion faces similar climate and 

human conditions. It can cause similar phenology of vegetation if their conditions are similar. 

So, extraction of the phenological pattern is often used as a key feature in LULC classification 

methods (Friedl et al., 2002; Padhee et al., 2017).  These hints were used to restore the affected 

NDVIref curves by a recursive SFA with a moving window of user-defined size (W). Flow 

diagram of recursive SFA to restore affected NDVIref curves. The algorithm uses additional 

physical evidences drawn from similarity in NDVIref of another pixel with same LULC within 

the window having adequate valid values on its curve (or reference pixel). Since, NDVIref is a 

curve by nature, the similarity in phenological traits of two pixels could be indicated by their 
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linear relationship. This relationship is represented mathematically by coefficient of correlation 

(R) between their NDVIref curves. 

Certain selection conditions are defined in the algorithm to search for nominee pixels to 

become a reference pixel, i.e. NDVIref at a pixel (a, b) with valid values to restore affected 

NDVIref at the target pixel, i.e. NDVIref at (i, j). The selection conditions for nominee pixels 

are listed as follows. 

(1) LULC of target and nominee pixel must be same. 

(2) Coefficient of correlation between target and nominee pixels within the window must 

be more than limit (L ≥ 0.9).  

(3) Percentage of valid data at nominee pixel must be more than that of target pixel. 

(4) There must not be null data in both the target and nominee pixel at same temporal 

position, k. 

Out of all nominee pixels listed within the window, pixel having highest R value with the target 

pixel is finalized as the reference pixel (pixel with most similar conditions). Later, NDVIref 

curves from reference and target pixels are used in Eq. 6 to draw out coefficients of their linear 

regression and utilized to restore NDVIref curve in target pixel as shown in Eq. A2.1 and A2.2. 

where, (i,j) is spatial location of target pixel, (a,b) is the spatial location of reference pixel 

within the window, m and c are the slope and the intercept for the linear regression between 

target and reference pixel, and k is the temporal position of target pixel affected with null data. 

Since, linear regression is used to restore NDVIref at target pixel, the restored value might 

exceed the maximum value of 1 due to which reference pixel is selected which yields a value 

between 0 and 1. Also, an additional constraint as threshold (T ≥ 50%) is considered below 

which NDVIref having percentage of valid values is rejected as target and skipped due to weak 

statistics. A typical demonstration of restoration of NDVIref is presented in Fig. A2.1. 

Restoration of affected NDVIref curves throughout the study area was achieved in two stages 

                                , ,NDVI = NDVI +C
i j a b
ref refm  (A2.1) 

                                
, ,

, ,  NDVI NDVI
i j a b
ref k ref km C= +  (A2.2) 
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depending upon static and dynamic LULC in 16 years (2001 – 2016). In SFA, the window 

with target pixel at its centre is moved in a recursive manner throughout the study area. Its 

recursion starts by restoring affected NDVIref at pixels over 95% valid data and stepping down 

to 5% with each recursion till pixels with NDVIref over 50% valid data is reached. The number 

of recursions and pixels required for NDVIref depends upon the severity of temporal and spatial 

NDVI data deficiency respectively. The recursive SFA is shown as a part of methodology for 

NDVI time-series reconstruction in Fig.3.2 and its detailed flowchart is given in Fig.A2.2. 

 

 

Figure. A2.1. Restoration of affected NDVIref for the pixels with static LULC was achieved in the first 

stage. 

It was followed by second stage where pixels with dynamic LULC were targeted. In the second 

stage, pixels with more than four LULC in 16 years were not considered as target pixels due 

to insufficient NDVI observations to begin with. During the process of restoration, newly 

produced synthetic values in restored NDVIref at any pixel were made accessible for being a 

nominee in the restoration of other affected pixels. The recursive search and fill process ensures 

equitable availability of valid values in NDVIref. However, definition of W, T and L is 

dependent upon availability of NDVI data, and hence it is customized as user-defined 

variables. 
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Fig. A2.2. Flow chart of recursive search and fill algorithm used for restoration of reference 

phenology curve (NDVIref). 

A3. Three-Temperature Model 

The basic concept for 3T model is surface energy balance. It is assumed for this model that the 

land cover consists of three groups which are bare soil, vegetation and a mixture of both soil 

and vegetation. Algorithms have been established by Qui et al. (1996) and Qui et al. (1998) to 

calculate ET for areas having bare soil and vegetation respectively. Also, algorithm to calculate 

ET for mixture of both soil and vegetation has been established by Xiong et al. (2011) using 

fractional vegetation cover which quantifies the presence of vegetation cover. 
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According to the general energy balance equation, energy exchange on earth surface can be 

express as: 

where L is the latent heat of vaporization with value 2.49 × 106  W (m2mm⁄ ); LE is the latent 

heat flux; and E is the soil evaporation in mm; Rn is the net radiation at the soil surface; G is 

soil heat flux. Units of LE, Rn  and G are in  W m2⁄ . H is the sensible heat flux between land 

and atmosphere in  W m2⁄  which can be derived from the following equation as: 

where ρ is the air density in kg m3⁄ , CP is the specific heat at constant pressure in MJ (kg ℃⁄ ); 

Ts and  Ta are soil surface temperature and air temperature respectively in  ℃; ra is the 

aerodynamic resistance in s m⁄ , the diffusion resistance of the air layer. In presence of a 

reference surface of dry soil with no significant modification in atmospheric conditions around 

it, the ra of the dry soil and the ra of the drying soil are approximately equal to each other; 

such conditions implies no water is in the dry soil and LE is negligible, hence the ra can be 

evaluated by combining Eq.A3.1 and Eq.A3.2 as Qui et al. (1999): 

where Tsd is the reference dry soil temperature, and Rn,d and Gd are the net radiation and soil 

heat flux respectively for the reference dry soil. Thus, by combining Eq.A3.1, Eq.A3.2 and 

Eq.A3.3, soil evaporation (LEs) can be estimated for pixels having pure soil as: 

where Ts is the temperature and Rn,sm is the net radiation of the soil. Similarly, by introduction 

of a canopy without transpiration (imitation canopy), ra of the vegetation could be estimated 

using the formula:  

                                nLE = R -G -H  (A3.1) 

                                
p s a

a

ρC (T -T )
H = 

r
 (A3.2) 

                                
p sd a

a
n,d d

ρC (T -T )
r =

R -G
 (A3.3) 

                                s a
s n,sm n,d d

sd a

(T -T )
LE = R -G -(R -G )

(T -T )
 (A3.4) 
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where Tcp is the temperature and Rn,cp is net radiation of the imitation canopy. Thus, by 

combining Eq.A3.1, Eq. A3.2 and Eq.A3.5, vegetation transpiration (LEc) can be estimated for 

pixels having pure vegetation: 

 

where Tc is the temperature and Rn,cm is the net radiation of the vegetation canopy. Eq.A3.4 - 

A3.6 are the basic equations for computation of evaporation and transpiration and can only be 

used in case of pure pixels. The computation of evapotranspiration for the mixed region of soil 

and vegetation can be done by using fractional canopy coverage factor. Evapotranspiration in 

mixed pixels can be considered as: 

 

where f is the fractional canopy coverage factor and can be calculated by the equation 

established by Carlson et al. (1995) as: 

NDVI is the Normalized Difference Vegetation Index. Agam et al. (2007) have established the 

thresholds NDVImax and NDVImin selection method, in which these can be calculated from the 

lower and upper 3% tails of the NDVI distribution within the scene. 

The dominance of a pixel going for only soil evaporation, only vegetation transpiration or 

evapotranspiration at a pixel depends upon category of the particular pixel. The category of 

pixels can be distinguished into pure or mixed pixel by using NDVI. Pixels with an NDVI larger 

                                p sd a
a

n,cp

ρC (T -T )
r =

R
 (A3.5) 

                                c a
c n,sm n,cp

cp a

(T -T )
LE = R -R

(T -T )
 (A3.6) 

                                s cLET=(1-f) LE +f LE  (A3.7) 

                                
min

max max

(NDVI- NDVI )
f =

(NDVI - NDVI )
 (A3.8) 
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than the NDVImax are assumed to be pixel definitely containing pure vegetation cover; pixels 

with an NDVI less than the NDVImin can be assumed to be covered by bare soil; pixels with a 

NDVI lying between NDVImin and NDVImax are assumed to be mixed pixels Carlson et al. 

(1995). 

In Eq.A3.1, Rn and G are the two parts which need to be estimated in order to compute LE. 

Eq.A3.1 is modified to Eq.A3.4 for soil and Eq.A3.6 for vegetation, out of which Eq.A3.4 

requires estimation of Rn and G. Unlike Eq.A3.4, G is not required to be estimated in Eq.A3.6. 

However to compute Eq.A3.4 or Eq.A3.6, the land surface temperature needs to be separated 

for soil and vegetation. The entire procedure to calculate LEs and LEc can be listed as follows. 

Net radiation 

The net radiation (Rn) can be expressed as: 

where Rswd and Rswu represents the incoming and outgoing shortwave radiation respectively;  

Rlwd and Rlwu represents the incoming and outgoing longwave radiation respectively. Using 

the estimated Rswd from GLDAS downscaled product (section 5.2.1), the net shortwave 

radiation can be calculated as: 

where α is the surface albedo that can be calculated as Eq.A3.11, Liang (2001). 

α1, α2, α3, α4, α5 and α7 are the reflectance of bands 1, 2, 3, 4, 5 and 7 respectively. The net 

longwave radiation can be expressed as: 

                                n swd swu lwd lwuR =(R -R )+(R -R )  (A3.9) 

                                swd swu swdR -R =(1-α)R  (A3.10) 

 

                      

1 2 3 4 5 6α=0.160α +0.291α +.243α +0.116α +0.112α +0.081α -0.0015  
(A3.11) 

                                
4 4

lwd lwu o a a o sR -R =σε ε (T +273.15) -σε T  (A3.12) 
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where σ is the Stefan–Boltzmann constant with a value of (5.67 × 10−8  W m2⁄ ); εa is the 

atmospheric emissivity and can be calculated from Eq.A3.13, Swinbank (1963); ε0 is the 

surface emissivity that can be calculated depending upon the NDVI value, Eq. A3.14, Sobrino 

et al. (2004); and ρ1 is the reflectivity acquired from band 1 (red band region) of MODIS. 

The estimated Rn is the overall absorbed net radiation. For mixed pixels Rn needs to be 

separated in terms of net radiation absorbed by soil surface and vegetation canopy as:  

where Rn is the mixed net radiation absorbed by features in the pixel; Rn,sm is the net radiation 

absorbed by soil surface;  Rn,cm is the net radiation absorbed by vegetation canopy; LAI is the 

leaf area index. The LAI can be derived from f as shown in Eq.A3.17, Walthall et al. (2004). 

Rn,sm and Rn,cm can be further implemented in Eq.A3.4 and Eq.A3.6. Net radiation for the 

reference surfaces i.e. reference dry soil (Rn,d) and imitation canopy (Rn,cp) can be expressed 

as: 

                                
-6 2

a aε =9.2×10 (T + 273.15)  (A3.13) 

                                

o 1

o 1

o

o

o

o

ε =0.9832-0.058ρ
NDVI <0.2

Δε =0.0018-0.060ρ

ε =0.9710-0.018f
0.2<NDVI <0.5

Δε = -0.006(1-f)

ε =0.9900
NDVI <0.5

Δε =0

 






 
 
 

 (A3.14) 

                                n,sm nR = R exp(-0.45LAI)  (A3.15) 

                                n,cm nR = R [1-exp(-0.45LAI)]  (A3.16) 

                                LAI=-2ln (1-f)  (A3.17) 

 
4 4

n,d r,d swd 0,d a a 0r sR = (1-α )R +ε ε σT - σε T  (A3.18) 
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where empirical coefficients αr,d =  0.275 , Qui et al. (1998); αr,cp =  0.225 , Qui et al. 

(1996); ε0r,d = 0.970 and ε0r,cp = 0.99, Sobrino et al. (2004). Rn,d and Rn,cp can be further 

implemented in Eq.A3.4 and Eq.A3.6. 

Soil heat flux 

The soil heat flux (G) can be estimated as per the established equation in the work by Su (2002): 

where the empirical coefficients Γc = 0.05, Monteith (1973) and Γs = 0.315, Kustas and 

Daughtry (1990). And the soil heat flux for reference dry soil (Gd) can be expressed as: 

G and Gd can be further implemented in Eq.A3.4 to calculate soil evaporation (LEs). 

Land surface temperature separation 

The estimation of LEs and LEc requires the separation of the land surface temperature which 

represents mixed temperature. The components of (Ts) are temperature of soil (Tsm) and 

vegetation (Tcm) to be implemented in Eq.A3.4 and Eq.A3.6 respectively. It can be sepsrated 

by solving the following set of equations suggested by Lhomme et al. (1994), which are: 

where Ts is the mixed land surface temperature; a = 0.1 and m = 2 are the empirical 

coefficients, Lhomme et al. (1994). The temperature for reference dry soil (Tsd)  for Eq.A3.4 

and imitation canopy (Tcp) for Eq.A3.6, can be allocated as the maximum temperatures of soil 

 
4 4

n,cp r,cp swd 0 r,cp a a 0r sR = (1-α )R +ε ε σT - σε T  (A3.19) 

                                n c s cG=R .[Γ +(1-f).(Γ -Γ )  (A3.20) 

                                d n,dG = 0.315R  (A3.21) 

                                cm sm sfT +(1-f)T =T  (A3.22) 

                                m
sm cm s aT -T = a(T -T )  (A3.23) 
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and vegetation obtained respectively from Eq.A3.22 and Eq.A3.23 as proposed by Zhao et al. 

(2010). 

A4. Macropore geometry computation 

The macropore geometry is computed by three properties viz. continuity, persistency and 

horizontal distribution. Continuity controls of water flow entering the macropores along the 

vertical and horizontal directions. Persistency defines static and dynamic macropore volume. 

However, for a largescale model, only static macropores are considered. Horizontal 

distribution in the horizontal plane describes the distribution of macropore volume over 

horizontal plane. 

Continuity 

The macropore volumetric proportion of the two domains, main bypass (Vmb) and internal 

catchments (Vic) are functions of depth as represented in Eq. 6.1 and the detailed description 

of parameters required for its computation (shown in Table 6.2). 

 1mb icP P= −   (A4.1) 

 zAh
Ah

Z
R R

Z

 
=  

 
 for 0 ≥ z ≥ 𝑍𝐴ℎ (A4.2) 

 ( ) ( ) ( ) 1 /
m

Zah Zah Ah Ah icR R R Z Z Z Z = + − − −
  

 for 𝑍𝐴ℎ  ≥ z ≥ 𝑍𝑖𝑐  (A4.3) 

 

Here, the depths z, ZAh and Zic are defined as active depth, depth of A-horizon and depth of 

active IC domain respectively. The power m is a shape-factor where (m < 1), (m > 1), and (m 

= 1) represents shallow, deep and intermediate IC system as a decline of functional IC 

macropores with depth. RZAh is a parameter with which increase of the volumetric distribution 

curve (R) over the thickness of the A-horizon can be described. Curve (F) represents the 

fraction of IC macropores (Eq. 6.4) that is functional at that depth z, the complement of R curve 

in general. The volumetric proportion of IC macropore volume as a function of depth can be 

written in terms of the constant Pic,0 and the function F as shown in Eq. 6.5 and 6.6. Pic0 

represents volumetric proportion of IC at soil surface (cm3/cm3). The volumetric proportion of 
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MB macropore volume as a function of depth is calculated from function Pic with Eq. 6.1. This 

results in a proportion P of 1 for depths below Zic where IC macropore volume is absent and 

all macropore volume is MB volume.   

 1F R= −   (A4.4) 

 

0

1
1

ic

ic

F
P

F
P

=
  

+ −  
  

 
for 0 ≥ z ≥ 𝑍𝑖𝑐 and 0 ≤ Pic0 ≤ 1 (A4.5) 

 0icP =  for  z ≤ 𝑍𝑖𝑐 and/or for Pic0 = 0 (A4.6) 

      

Persistency 

Static macropore volume is permanent the permanent MB and IC. It is expressed as volume 

fraction Vst (cm3/cm3). The static volume as a function of depth is constant in time and it is 

calculated as shown in Eq. 6.7 to 6.11. 

 0stmb stmbV V=  for 0 ≥ z ≥ Zic (A4.7) 

 ( ) ( )0 /stmb stmb st ic stV V Z Z Z Z = − −   for Zic ≥ z ≥ Zst (A4.8) 

 0stic sticV F V=   for 0 ≥ z ≥ Zic (A4.9) 

 0sticV =  for ic stZ z Z   (A4.10) 

 mb stmbV V=   (A4.11) 

 ic sticV V=   (A4.12) 

 mb st simb sticV V V V= = +  for 0 ≥ z ≥ Zst (A4.13) 

 

where, Vmb is volume fraction of MB flow domain, Vic is volume fraction of IC domain Vstmb 

is static macropore volume fraction of MB flow domain, Vstic is Static macropore volume 

fraction of IC domain, Vstmb0 is static macropore volume fraction of MB flow domain at top, 

Vstic0 is static macropore volume fraction of IC domain at top, Vst is total static macropore 
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volume, Vmp is total macropore volume fraction. When these are cumulated from depth 0 to zst, 

the total volume fractions are obtained. 

Horizontal distribution 

In the horizontal plane the distribution of macropore determines the functional horizontal shape 

of the macropores, which forms the basis of the calculation of several important parameters. It 

is determined by effective matrix polygon diameter (dpol).  

 ( )( )min max min 1pol p p pd d d d M = + − −
    (A4.14) 

 ( )0/st stM V V=  for Vst0 > 0 (A4.15) 

 ( )0/ic icM P P=  for Vst0 = 0 and Pic0 > 0 (A4.16) 

 
( )max1 / dpM Z Z= −  

0M =  

if ( )max1 0dpz Z−   

otherwise 

(A4.17) 

 

 maxpol pd d=  for Vst0 = 0 and Pic0 = 0 (A4.18) 

 

where, M is relative macropore density, dpmin is minimum polygon diameter, dpmax is maximum 

polygon diameter, and Zdpmax is depth of effective maximum polygon diameter. These 

parameters are obtained by dye tracer experiments on vertical soil columns. In this work, these 

parameters are picked up from the work of Das et al. (2014) which conducted dye tracer 

experiments in several sites in Northeast Indian region (Table 6.1). 

A5. Preparation of saturated hydraulic conductivity map 

Hydraulic conductivity (K) is defined as the ability of the water to pass through the pores of an 

aquifer. It is a governing factor in the sub-surface flow contribution in hilly watersheds. Back 

tracing K by the separation of surface runoff and sub-surface flow is a difficult task at 

watershed scale. Therefore, theoretical K map was derived from a conceptual method 

developed by Luo et al. (2010). The application of this method has also been extended for 

mapping of hypothetical K on the Martian surface (Luo et al., 2011). It derives the K as 
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where, p and i are mean annual precipitation and infiltration proportion respectively, D is the 

drainage density, T is the perched aquifer thickness above the datum and d is the valley depth. 

The rescaled SRTM DEM at 1 km was used for spatial scale compatibility of the model. 

However, average elevation (Eavg), minimum elevation (Emin), and total length of streams (LT) 

within each micro-watershed were obtained from DEM at 90 m. For each micro-watershed, LT 

was used with area (A=1km2) in Eq.A5.2 (Horton,1932; 1945) to calculate D and the difference 

between Eavg and Emin produced d (Eq.A5.3). The conceptual diagram for the preparation of 

these maps is given in Fig. A5.1.  

 
TD= L A   (A5.2) 

 avg mind=E -E   (A5.3) 

Since, there is no information of aquifer thickness, a hypothetical value of T = 1m above (Eavg 

– soil matrix depth) was assumed from datum as Emin for each 1 km grid. Luo et al. (2010) 

used long-term mean annual precipitation data for p and observed i for derivation of K. But, 

the demand of this hydrological model is saturated hydraulic conductivity (Ksat) rather than a 

general K to calculate decay of the flow with time (Eq.6.5). It is assumed that the aquifers are 

close to saturated state in the rainy seasons having the value of K close to Ksat in the near-peak 

period of the season. Henceforth, long-term mean of daily precipitation intensity from GsMap 

data for the peak monsoon period (July – August) over 16 years (2001 – 2016) was used for 

calculating p in the study area. 

The map of i for hillslopes should be inserted as a fraction of p to calculate K (Luo et al., 2010). 

Hence, the experimental work of Sarkar et al. (2015) which conducted hillslope experiments 

at 20% surface slope, sandy loam soil texture, and 37–70 mm/h of K, was used for defining 

spatial distribution of i (Fig. A5.1). Another experimental study conducted by Chen and Young 

(2006) concluded that the effect of slope on infiltration rate is applicable to a small time and 

this effect vanishes at prolonged time thereby making gravity as the dominant control 

mechanism. Since, the model resolution with daily scale intensity is much larger than what 

                                
2 2 2K = (p×i) D (T -(T-d) 

  
 (A5.1) 
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most of the hillslope studies are focused on, the latter part of conclusion from Chen and Young 

(2006) is considered where effect of slope is negligible at large time. Consequently, 

observations from Sarkar et al. (2015) was used to characterize i according to a 2nd order 

polynomial fitted curve as shown in Fig. A5.1. All these modifications were incorporated into 

Eq. 6.1 to give it a final form (Eq. A5.3) and used for mapping the Ksat. 

 
( ) ( )( )22 2

JUL-AUGsat FK p i D T T d =  − −
  

  
(A5.4) 

 

 

Figure A5.1. Spatial variation of infiltration proportion according to vegetation fraction modified from 

Sarkar et. al (2015). 

TH-2464_136104017



List of publications from this thesis 

List of Publications in Journals 

 

 

1. 

 

Padhee, S.K., and Dutta, S., 2019, “Spatio-Temporal Reconstruction of MODIS 

NDVI by Regional Land Surface Phenology and Harmonic Analysis of Time-

series”, GIScience & Remote Sensing, 56(8), 1261-1288. 

 

2. Padhee, S.K., and Dutta, S., 2020, “Spatiotemporal reconstruction of MODIS land 

surface temperature with the help of GLDAS product using kernel-based 

nonparametric data assimilation”, Journal of Applied Remote Sensing, 14(1), 

14520. 

 

 

List of Publications in Conference Proceedings 

  

1. Padhee, S.K., and Dutta, S., Estimation of evapotranspiration based on an 

extended three-temperature model and MODIS products in Arunachal Pradesh, 

India. National Conference on Emerging Technology Trends in Agricultural 

Engineering, ETTAE 2014, NERIST, Nirjuli (Itanagar), November 07 – 09, 2014. 

2. Padhee, S.K., and Dutta, S., Estimation of evapotranspiration based on an 

Extended Three-Temperature Model and MODIS products in ecosystems of 

Northeast India. HYDRO 2015 INTERNATIONAL, 20th International 

Conference on Hydraulics, Water Resources and River Engineering, IIT Roorkee, 

India, December 17 – 19, 2015. 

3. Padhee, S.K., and Dutta, S., Performance of 3T model to estimate 

Evapotranspiration after time and terrain correction in the Eastern Himalayas. 

National Symposium on Recent Advances in Remote Sensing and GIS with 

Special Emphasis on Mountain Ecosystems, ISRS-2016, Dehradun, India, 

December 7 – 9, 2016. 

4. Padhee, S.K., and Dutta, S., Impact of terrain complexity on coarse solar 

radiation derivatives in Himalayan mountains: A hydrological perspective. AGU 

Fall Meeting, Washington DC, USA, December 10–14, 2018. 

5. Padhee, S.K., and Dutta, S., Consistent Accessibility of Satellite-based 

Evapotranspiration Estimates in Himalayan Catchments. 16th Annual Meeting, 

AOGS-2019, Singapore, July 28 – August 3, 2019. 

6. Padhee, S.K., and Dutta, S., Use of high-resolution satellite-based surface water 

budget for indications of preferential flow in the Eastern Himalayan Stretch. 

AGU Fall Meeting, San Fransisco, USA, December 07–11, 2020. 

 

TH-2464_136104017


