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ABSTRACT 

Phenology is a study of the timing of recurring biological events. Some phenological studies 

illustrates that climate change leads to shift in phenology of forest across the globe. In Remote 

Sensing domain, Spatio-temporal satellite data is used in performing phenological studies. 

Various approaches exists to analyze spatio-temporal data, such as principal component 

analysis, wavelet decomposition, principal component analysis, wavelet decomposition and 

Fourier analysis.  Generally the threshold, transforming and decomposition based algorithms 

are used for detecting these phenological changes. the aim of the study was detecting the 

phenological changes over the Himalayan region. 

The present study focuses on developing a framework for detecting changes over a time 

period of 14 years from 2001 to 2014 in Himalayan region using MODIS datasets. MODIS 8 

day composite multispectral dataset have been used to generate NDVI & EVI time series data. 

The framework is based on the BFAST (Breaks For Additive Seasonal and Trend) algorithm 

which detects phenological trends. The NDVI and EVI time-series data act as an input 

parameters for the algorithm in order to detect phenological trends and breakpoints. The effect 

of varying the h parameter for NDVI and EVI datasets is performed. The best value of input 

parameters depending on error component and number of breakpoints is estimated. EVI time-

series data along with h = 0.1 have been fixed through error analysis of outcomes in 

decomposition model for further analysis. The proposed framework uses these accepted 

parameters in predicting the phenological trend over the complete Himalayan region. The 

work highlights the significant spatio-temporal variations of phenological changes. 

The areas with significant changes have been validated using high resolution LISS-III, 

Landsat-7 & 8 datasets. These images were classified into forest, agriculture and non-

vegetation classes and compared. There were significant LULC changes at micro level in the 

MODIS EVI pixels (500 meter) showing significant changes in phenology. Class to class ratio 

of changed area is validate with quantify the results of proposed framework. To estimate the 

efficiency of the developed framework the results were also compared with TIMESAT 

outputs. The study shows that BFAST performs better over TIMESAT in estimating the 

breakpoints and slopes. This study acts as a baseline for future researchers to work on 

phenology over Himalayan belt. 

 

 



 

VII 

 

Table of Contents 

DISCLAIMER          I 

CERTIFICATE          III 

ACKNOWLEDGEMENT        IV 

DECLARATION         V 

ABSTRACT            VI 

1. INTRODUCTION .......................................................................................................... 1 

1.1. Background ............................................................................................................. 1 

1.2. Introducation to Phenology: .................................................................................... 3 

1.3. Phenology and variations in Climatic regimes ....................................................... 5 

1.4. Phenology & Forests ............................................................................................... 7 

1.5. The Forest Region of Himalayan ............................................................................ 7 

1.6. Motivation & Problem Statement ........................................................................... 8 

1.7. Benefits of Research ............................................................................................... 8 

1.8. Research Identification: .......................................................................................... 9 

1.8.1. Research Objectives ........................................................................................ 9 

1.8.2. Research Questions: ........................................................................................ 9 

1.9. Structure of Thesis .................................................................................................. 9 

2. LITERATURE REVIEW ............................................................................................. 11 

2.1. Phenological Modelling ........................................................................................ 11 



 

VIII 

 

2.1.1. Natural Gradient Studies ............................................................................... 11 

2.2. Experimental Studies ............................................................................................ 12 

2.3. Methods of determining deciduous phenology ..................................................... 13 

2.4. NDVI based data products: ................................................................................... 18 

2.5. Long term NDVI studies for estimating changes in phenology: ........................... 19 

2.6. Overview of BFAST & TIMESAT Algorithm: .................................................... 20 

3. STUDY AREA & DATASETS .................................................................................... 22 

3.1. Study area.............................................................................................................. 22 

3.1.1. Geography ..................................................................................................... 22 

3.1.2. Soil ................................................................................................................ 23 

3.1.3. Climate .......................................................................................................... 23 

3.1.4. Forests ........................................................................................................... 23 

3.1.5. Rivers ............................................................................................................ 25 

3.1.6. Problem of the Study Area ............................................................................ 25 

3.2. Datasets ................................................................................................................. 25 

3.2.1. Satellite Data ................................................................................................. 25 

3.2.3 ANCILLARY DATA ................................................................................... 27 

4. METHODOLOGY ....................................................................................................... 30 

4.1. Database Generation ............................................................................................. 31 

4.2. Development of Framework ................................................................................. 31 



 

IX 

 

4.2.1. Concept of BFAST: ...................................................................................... 32 

4.2.2. Harmonic Model ........................................................................................... 33 

4.2.3. Dummy Model .............................................................................................. 34 

4.2.4. Iterative algorithm to detect break points ..................................................... 35 

4.2.5. New Functions for Frame work .................................................................... 36 

4.2.6. Parameter estimation for Himalayan Region ................................................ 37 

4.3. Change Detection over Himalayan Region using decomposition model .............. 37 

4.3.1. Trend analysis is carried out on the datasets to detect changes .................... 37 

4.3.2. Validation ...................................................................................................... 38 

4.4. Comparison of BFAST Outputs with TIMESAT Outcomes ................................ 38 

4.4.1. Data Generation for TIMESAT Model ......................................................... 38 

4.4.2. TIMESAT Algorithm .................................................................................... 39 

5. RESULTS ..................................................................................................................... 45 

5.1. BFAST Parameters estimation .............................................................................. 45 

5.2. Trends in phenological patterns from EVI using decomposition model ............... 53 

5.2.1. Analysis of Pixels showing significant change ............................................. 53 

5.3. TIMESAT Analysis: ............................................................................................. 60 

5.3.1. Temporal Analysis using TIMESAT in change pixels ................................. 62 

6. DISCUSSION ............................................................................................................... 67 

6.1. Effect of h parameter & Indices on Breakpoint detection ..................................... 67 



 

X 

 

6.2. Evaluation of Trend Slopes & their Significance ................................................. 67 

6.3. Advantages & Limitations of BFAST & TIMESAT ............................................ 69 

7. CONCLUSION & RECOMMENDATION ................................................................. 70 

7.1. Conclusion ............................................................................................................ 70 

7.2. Recommendation .................................................................................................. 71 

REFERENCES ..................................................................................................................... 72 

 

  



 

XI 

 

Figure 2.1: The spectral reflectance curves of green and dry vegetation and soil along with 

the spectral wavelengths (after Clark et al. 1999). ................................................................ 14 

Figure 3.1: Map of Study Area ............................................................................................. 24 

Figure 3.2: LULC Map (IGBP) ............................................................................................ 28 

Figure 4.1: Method for achieving the objectives of the work ............................................... 30 

Figure 4.2: NDVI & EVI datasets for a Period of 15 years .................................................. 31 

Figure 5.1 :(a, b, c, d, e, f, g, h, i, j, k, l, m & n) shows the decomposition of grassland pixel 

at location Long 79.29494283E & Lat 29.14656309N ......................................................... 47 

Figure 5.2: Decomposition of 8-day NDVI time series (data) extracted from a single MODIS 

pixel for a pure pine forest (Long 79.05485033E, Lat 30.03010349N) ............................... 49 

Figure 5.3: Decomposition of 8-day NDVI time series (data) extracted from a single MODIS 

pixel for a pure SAL forest (Long 78.84837078E, Lat 29.56432404N) ............................... 49 

Figure 5.4: Decomposition of 8-day NDVI time series (data) extracted from a single MODIS 

pixel for a pure moist alpine forest (Long 75.46786838E, Lat 33.42020959N) ................... 50 

Figure 5.5: Decomposition of 8-day NDVI time series (data) extracted from a single MODIS 

pixel for a pure deodar forest (Long 79.13167993E, Lat 30.08292384N)............................ 51 

Figure 5.6: Decomposition of 8-day NDVI time series (data) extracted from a single MODIS 

pixel for pure oak forest (Long 79.20545E, Lat 30.59848N) ............................................... 51 

Figure 5.7: Trend Analysis of Himalayan Region ................................................................ 52 

Figure 5.8: Geographic location of first region on state map ............................................... 53 

Figure 5.9: Detected changes in the trend component of 8-day NDVI time series (data) 

extracted from a MODIS data for a forest (Long 97.09540078E, Lat 28.35905969N ......... 54 

Figure 5.10: Comparison of LISS-III data (18 may 2006) & Landsat 8 data (4 may 2014) for 

2.5 km2 area (Long 97.09540078E, Lat 28.35905969N) ...................................................... 55 

Figure 5.11: Geographic location of second region on state map ......................................... 56 



 

XII 

 

Figure 5.12: Detected changes in the trend component of 8-day NDVI time series (data) 

extracted from a MODIS data for a forest (Long 75.78959233E, Lat 32.43102849N) ........ 56 

Figure 5.13 Comparison of LISS-III data (28 April 2004) & Landsat 8 data (25 April 2014) 

for 4.5 km2 area (Long 75.78959233E, Lat 32.43102849N) ................................................ 57 

Figure 5.14: Geographic location of third region on state map ............................................ 58 

Figure 5.15: Detected changes in the trend component of 8-day NDVI time series (data) 

extracted from a MODIS data for a forest (Long 79.29014098E, Lat 29.14656309N) ........ 58 

Figure 5.16: Comparison of Landsat 7 data (2 June 2002) & Landsat 8 data (9 May 2014) for 

3 km2 area (Long 79.29014098E, Lat 29.14656309N) ......................................................... 59 

Figure 5.17: Classification of seasonal & non-seasonal pixels ............................................. 60 

Figure 5.18: Classification of single & multi season ............................................................ 61 

Figure 5.19: SOS time of first season in time series DATA (1st cycle) ................................ 62 

Figure 5.20(a,b & c): Time-Series EVI DATA Smoothing using Savistzky-Golay Algorithm

 .............................................................................................................................................. 63 

  



 

XIII 

 

Table of Tables 

Table 3.1: List of Satellite data products .............................................................................. 27 

Table 5.1: Detected breakpoints on different value of h parameters .................................... 48 

Table 5.2: Phenological parameters for location (Long 97.09540078E, Lat 28.35905969N)

 .............................................................................................................................................. 64 

Table 5.3: Phenological parameters for location (Long 75.78959233E, Lat 32.43102849N)

 .............................................................................................................................................. 64 

Table 5.4: Phenological parameters for location (Long 79.29014098E, Lat 29.14656309N 65 

 

  



Detection of Phenological Change and Greenwave Inflection over Himalaya Region using Decomposition Model 

1 

 

1. INTRODUCTION 

Forests are an excellent means to comprehend the changes in the climate and environment. 

Climate change may have impact on plant growth, carbon balance and food productivity. 

Hence, the phenology is important as it provides information about life cycle of vegetation 

depicting small variations in the trend. The core researchers, policy planners, ecologist and 

natural resource managers requires the information about phenological variation over spatial 

and temporal extents. This information about phenological variation is related to ecological 

and environmental change such as carbon emissions, primary production and 

biodiversity.(Cleland, Chuine, Menzel, Mooney, & Schwartz, 2007)(M. A. White et al., 

2009). Changes in the timing and length of the growing season may not affect ecosystem, but 

it may lead to long-term increase in carbon storage and changes in vegetation cover 

(Linderholm, 2006). The attribution of biological trends to climate change is complex because 

there may also exist some non-climatic influences, such as land use change, dominate local, 

short-term biological changes(Parmesan & Yohe, 2003). Thus, the analysis of phenology is 

an imperative task. There exists numerous vegetation indices such as NDVI and EVI which 

are very useful for the phenological trend analysis. Decomposition models, thresholding and 

transformation based methods are there for trend analysis. Moreover, decomposition based 

methods are better than the thresholding and transforming methods for the trend analysis. This 

is because decomposition models use actual time series data, whereas other two methods use 

pre-processed (smoothened data) which is time uncertain. In this work, study was conducted 

for Himalayan region. The LULC maps provided by Forest Survey of India and Biodiversity 

Characterization at Landscape Level in India (National Assessment) suggests that a lot of 

changes has occurred in Himalayan forests during 200 to 2014. Hence, there is a necessity to 

study the phenological changes in the forest of Himalayan region 

1.1. Background  

Remotely sensed satellite data plays an important role in monitoring vegetation dynamics at 

regional to global levels as they have synoptic and temporal coverage (Azzali & Menenti, 

2000)(Anyamba & Eastman, 1996). Long-term plant phenology are used to track vegetation 

response to climate variability and are limited to specific species and locations. (Cleland et 

al., 2007). Land surface phenology (LSP) is related to plant phenology in an indirect way 

through absorption and reflectance of radiation and is also influenced by atmospheric 

scattering, cloud and snow cover, bidirectional reflectance effects and some of the non-

climatic factors like anthropogenic disturbances or biogenic (M. A. White et al., 2009). LSP 

is term related to spatio-temporal advancement of the vegetated land surface in relation to 

climate (K. M. De Beurs & Henebry, 2005). Very few methods exists which can analyze and 
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detect changes in long term data sets. Approximating change using remotely-sensed data is 

not straightforward, as time series is a combination of phenological and trend changes, along 

with the noise from geometric errors, atmospheric scatter and cloud effects (K. De Beurs & 

Henebry, 2005)(Verbesselt, Hyndman, Newnham, & Culvenor, 2010).  The three main 

challenges exists which are enumerated as follows:- 

Firstly, most of the phenology studies focuses on extracting phenological parameters from 

time series of normalized difference vegetation index (NDVI) (M. A. White et al., 2009). The 

derivation of phenological metrics is done by identifying critical points in the seasonal NDVI 

trajectory for example, start-of-spring (SOS). It exploits the information contained in the 

shape of the seasonal growth cycle, do not use temporal detail (Geerken, 2009). The common 

method to extract seasonal phenological metrics using NDVI time-series is threshold method, 

in which it is assumed that growing season started when filtered or partially smoothed NDVI 

values exceed a given value (Lloyd, 1990)(Reed et al., 1994). Smoothing is a process of 

suppressing short-frequency variation with the help of  running medians, averages or 

compound smoothers (Van Dijk, Callis, Sakamoto, & Decker, 1987). Noise reduction method 

is called Best Index Slope Extraction (BISE) defining an envelope by scanning a time period, 

ignoring small values and selecting large values based on thresholds (Viovy, Arino, & 

Belward, 1992). In these methods, the remaining noise causes false starts and ends of the 

seasons, making the extracted temporal information uncertain.  By comparing 10 SOS 

estimation methods for North America between 1982 and 2006 (M. A. White & Nemani, 

2003), it was found that SOS estimates fluctuate within and among methods. High degree of 

variability in phenology (e.g., in SOS) between years leads to the  need of distinguishing 

temporal variability from phenological change (Bradley, Jacob, Hermance, & Mustard, 

2007)(M. A. White & Nemani, 2006). Therefore, there exists a need for a more robust 

approach for detecting long term phenological changes based on full time series, not just dates 

of specific events (M. A. White & Nemani, 2006). 

The Second challenge is detection of changes in long term time series data sets. Various 

approach exists to analyse time series, such as principal component analysis (PCA) (Crist & 

Cicone, 1984) , wavelet decomposition (Anyamba & Eastman, 1996), Fourier analysis 

(Ronald Eastman et al., 2009) and change vector analysis (CVA) (Lambin & Strahlers, 1994)). 

These approaches distinguish noise from the signal by using temporal characteristics but need 

transformation to isolate dominant components of the variation across years through the 

multi-temporal spectral space. The challenge here is labeling of the change components, as 

analysis is dependent on the particular image series analyzed. Moreover, change in time series 

is masked by seasonality driven by yearly temperature and rainfall variation. Already existing 

change detection methods lessen seasonal deviation by concentrating on periods within a year 

(e.g., growing season) (Coppin, Jonckheere, Nackaerts, Muys, & Lambin, 2004) or by 
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temporally using time series data (Bontemps, Bogaert, Titeux, & Defourny, 2008) (Fensholt, 

Rasmussen, Nielsen, & Mbow, 2009) instead of explicitly accounting for changes in 

seasonality. 

Thirdly, studies regarding LSP reveals that non-climatic factors (e.g., fires, land degradation 

or land management) influencing phenology is vital (Julien & Sobrino, 2009). Even in areas 

with low levels of human activity, biogenic and anthropogenic disturbances for example, 

insect attacks, fires, foods, or deforestation would impact LSP (Potter et al., 2003). A key 

challenge in phenology studies is understanding the changes in LSP in background variation 

(e.g., fires, land degradation, and noise) (K. De Beurs & Henebry, 2005). The ability to detect 

change depends on its capacity to account for variability at one scale (e.g., seasonal 

variations), whereas identifying change at another (e.g., multi-year trends). The change in 

terrestrial plant ecosystems is divided into three classes (Verbesselt, Hyndman, Zeileis, & 

Culvenor, 2010): 

Phenological change is a change in the seasonal shape. The phenological markers (e.g. SOS) 

are affected by short-term climate fluctuations (e.g., temperature and rainfall). Over a longer 

duration, annual phonologies shifts, i.e., phenological change, as a result of climate changes 

or large scale anthropological disturbances (Potter et al., 2003) 

 Many abrupt changes, are caused by deforestation, foods, and sensor errors (Holben, 

1986) 

 Gradual change i.e. linear trend generated by a moderate change in seasonality, land 

degradation or long term trends in mean annual rainfall. 

This study is makes advancement in already existing algorithms and technologies (BFAST) 

and their application on Himalayan range. The also focuses on the analysis of phenological 

patterns in the forest of Himalayas. The defined transformation i.e. thresholding or 

decomposition based techniques are chief approaches to comprehend the phenological 

phenomena but before that it is imperative to realize the meaning of phenology and its 

associated. 

1.2. Introducation to Phenology: 

Phenology (Greek: phainesthai - to appear; logos - science) is the analysis of timing of 

repeating life cycle occasions and their reliance on natural conditions. What causes their 

timing concerning biotic and abiotic powers, and how can this timing influence interrelation 

among periods of the same or distinctive species? Phenological events contains blooming, 

fruiting, leaf flushing, and germination (Lieth, 1974). Changes in flowering, or the extents of 
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flowering amid a year, can't be called occasional, when relationship between the phenological 

occasion and a specific climatic interval is not clear. Newstrom LE, Frankie GW, Baker HG 

and Colwell RK recommended that phenological patterns could be portrayed with numerous 

indices, including frequency, duration, amplitude, synchrony, and regularity. At the point 

when the event is seasonal, the date of the event can be included (Newstrom, Frankie, & 

Baker, 1994). 

The oldest phenological time series known is the record of blossoming of cherry in Kyoto, 

Japan, which starts in 812 AD(McDade, Bawa, Hespenheide, Hartshorn, & others, 1994). 

These observations helped in serving the yearly timing of cherry maturing festival for the 

scientific purposes. In Europe, the oldest phenological study was done by the Marsham family 

in Stratton, England, beginning in 1736 [31]. The efficient methodology begins in 1751 when 

the Swedish scientist Linné clarified the need and technique for phenological information. He 

additionally settled the first territorial phenological network. The main global phenological 

network was set up by the Societas Meteorologica Palatina in Mannheim, Germany, that was 

dynamic from 1781 until 1792 [32]. In 1882, Hoffmann and Ihne built up the first extensive 

phenological network in Europe with exact perception and recordings on a standard basis 

[33]. This network proceeded with observations until 1941. Beginning in the 1960s few 

phenological networks were set up in Europe. One imperative European network is the 

International Phenological Gardens (IGP) started by Schnelle and Volkert in 1957, utilizing 

clones of a few tree and bush species at around 80 stations all over Europe [34][35]. The most 

extensive presentation of the history and improvement of phenological networks and 

exploration can be found in the article of Schnelle. 

The need and motivation behind phenological networks and perceptions has changed over 

time. The phenologists of the 19th century took after the convention of Linné and they were 

keen on describing common or rather climatic areas by characterizing phenological contrasts 

between scene units and recording them in phenological timetables. This acted as a low-cost 

complement to meteorological capacities. After the First World War, the national networks 

were set up to utilize phenological perceptions and climatological data transcendently in agro 

meteorology.  Phenological data was utilized to choose regions that were appropriate for 

cultivation of certain crops or vegetations. Information of the timing of phenological 

occasions like fruit ripening or development of grains was additionally used to encourage 

coordination in the utilization of reaping machines, for instance. New fruit plantations were 

situated up in territories where phenological observations were free of risk of night or late 

frost damage. Information of the timing of phenological events is still used in plant protection, 

horticulture and viticulture, and for the timing of pesticide and herbicide application. 
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1.3. Phenology and variations in Climatic regimes 

In the 1990s phenological exploration saw a reawakening in the connection of worldwide 

change research. Global warming, due to the greenhouse gases, e.g. CO2 or CH4 (Ramaswamy 

et al., 2001) generated by human activities such as fossil-fuel burning, deforestation and land 

use change (Houghton et al., 2001) has activated extensive concerns for nature and society. 

In this connection phenological exploration concentrates on specific territories influenced by 

worldwide change like environment, agribusiness and human wellbeing.   

The effect of climate change on ecosystem contain climate-induced changes in species 

performance and competition and consequently species distribution, composition and 

diversity (Gitay et al., 2001). Plants and creatures respond diversely to changing ecological 

conditions, e.g., temperature and precipitation, through changing growth patterns, 

reproduction or migration patterns. This environmental alteration has consequences for the 

balance among species which may lead to an altered species distribution and composition in 

ecosystems. Examples of this are shown in studies at the ecosystem level (Bugmann & 

Solomon, 2000). Despite the fact that species-particular models for phenology are generally 

not consolidated in plant biogeography models, phenology, deciding the vegetation period, is 

one of the significant determinants of interannual variability in plant reproduction(Chuine & 

Beaubien, 2001) in natural and agroecosystems. The central  role of phenology for the 

interannual variation of gross and net carbon exchange of terrestrial ecosystems and related 

species performance and distribution issues have led to attempts at enhancing the portrayal of 

phenology in biological community and worldwide vegetation models (Kucharik et al., 2000). 

Vegetation phenology is an vital variable impacting environmental elements in the lower 

boundary layer because the drag and Bowen proportion vary extensively in the middle of 

leaved and non-leaved vegetation states (Fitzjarrald, Acevedo, & Moore, 2001). The drag and 

Bowen ratio are imperative for the assessment of vegetation-atmosphere inputs (Claussen, 

Brovkin, & Ganopolski, 2001). A superior comprehension of the variation of surface 

roughness, albedo and Bowen ratio with the thickness of photosynthesizing tissues in the 

vegetation prompts an expanding interest for a superior depiction of the lower boundary layer 

conditions for weather forecast and climate models and in this manner an explicit 

representation of plant phenology (Kucharik et al., 2000). Enhanced knowledge in 

conceivable phenological changes additionally adds to a superior understanding of other 

ecosystem processes such as climate-induced changes in nutrient cycles, water fluxes, and 

carbon sequestration at the global scale (Thornley & Cannell, 2001) as well as on the regional 

and local scale (Wilson, Baldocchi, & Hanson, 2000). The prominence of phenology for such 

ecosystem processes is because of its focal role for the timing of the physiologically dynamic 

and non-dynamic conditions of the vegetation, particularly for deciduous plants. 
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Phenology is additionally a noteworthy determinant in the timing of biotic interactions. The 

demography of grazers, browsers and predators shifts with their own particular formative 

reactions to climatic condition and in addition with the changes in forage and prey availability 

because of plant phenology(Gitay et al., 2001). There are various phenological issues in 

agricultural research cover, such as the interaction between crops and pests and diseases, 

growing season length, frost damage and food quality. Phase timing of phenology plays an 

vital role in defining the distribution of assimilates to reproductive versus vegetative growth 

and above-ground versus below-ground biomass (Mitchell, Fukai, & Cooper, 1996). The core 

element in modeling production and yield as well as in models for the control or management 

of pests and diseases are modeling of developmental stages of crop. The importance of 

phenology is gauged from the fact that there is a lot of literature for agroecosystems and giving 

a detailed overview is beyond the scope of this thesis (Goudriaan & Van Laar, 1994).   

The phenological research in public and human health emphases on predicting allergic pollen 

causing hay-fever (Chuine & Beaubien, 2001) or vector-borne diseases like malaria (Walker, 

1991). In Europe, a network to monitor pollen contains 300 stations. The forecast of mass 

spread of pollen and early warning system for allergic persons needs understanding of weather 

sensitivity and models of flowering phenology. The spatial levels of phenolgical observations 

play an important role in climate change related phenology research. There are interpretations 

of individuals of plants or animals comprising the above mentioned classical phenology. 

There are various reports that depicts influence of climate and weather on phenology of 

plants(Chmielewski & Rotzer, 2002). Various studies suggests broadening of the vegetation 

period because of advanced spring phases. An observation related to egg-laying and shifts in 

bird and insect migrations patterns were made in the last decades. For second level of 

phenological observations some of the observations about interannual and intraannual mass 

and energy fluxes between whole ecosystems like grasslands (Schimel et al., 1991) and forests 

(Goulden, Munger, Fan, Daube, & Wofsy, 1996)(W. Chen et al., 1999)(M. White, Running, 

& Thornton, 1999) and the atmosphere were carried out. These observations cover a few years 

but there is considerable evidence that the length of the vegetation period plays a vital role in 

determining the annual integral of the fluxes (Goulden et al., 1996)(W. Chen et al., 1999)(M. 

White et al., 1999). For third level, remote sensing studies suggested the increase of length of 

the vegetation period in northern latitudes in the last decades (Myneni et al., 1997). This was 

understood by seasonal atmospheric CO2 measurements (Keeling, Chin, & Whorf, 1996) 

using increased plant activity and a prolonged vegetation period in the northern latitudes. 

Hence, many studies were carried out on the climate change effect and variation in growing 

season length and functioning of ecosystems (as documented above), specifically forest 

ecosystems. Forests plays an important role climate change research as they contain carbon 

in terrestrial ecosystems and play a leading role in land cover-atmosphere feedbacks. 
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1.4.Phenology & Forests 

In the field of forest, phenological study has come up in recent years (Lechowicz & Koike, 

1995). The phenological phase time is an imperative aspect in examining variations in 

interannual changes and long-term changes in climate (Goulden et al., 1996)(W. Chen et al., 

1999)(M. White et al., 1999)(Chuine & Beaubien, 2001)(K Kramer, Friend, & Leinonen, 

1996) showing difference of one week in bud break corresponds to a difference of about 5% 

in the radiation absorbed in growing season. Consequently, the timing of phenological phases 

is a chief aspect in determining differences in net production of trees on interannual and 

climatic change related time scales. Tree species respond in a different way to climate change 

and also frost damage (K Kramer & Mohren, 1996), causing in changed relationships between 

tree species (Koen Kramer, 1994)(K Kramer et al., 1996). Phenological models were 

developed to evaluate the influence of climate change on forest ecosystems (Chuine, 

Belmonte, & Mignot, 2000). 

1.5.The Forest Region of Himalayan 

The Himalayan ranges extend for about 3000 km from west to east, and occupying more than 

ten degrees of North latitude (27-38~). The elevation varies, from 300 m to more than 5000 

m, and the climatic conditions are varied. The temporal and spatial deviations in physical 

environments results in varied phytogeographic stocks, described by a high degree of 

endemism. The species ranging from species-rich broadleaf forests with trees attributing to 

humid tropical forests, to the woody scrubs called alpine scrubs, beyond which large expanses 

of grasslands ensheath the mountain surfaces. The ecological stages in the Himalaya relate to 

latitude shift of over 5000 km. Due to this European naturalists initiated expeditions to the 

Himalaya at the end of the eighteenth century, and information regarding the Himalayan 

plants started accumulating. Gen. Thomas Hardwick, visited Garhwal (central Himalaya) in 

1796, was the first naturalist to collect plant samples from the Himalaya. Hamilton visited 

Nepal (1802-1803); Govan collected plants from Punjab; Victor Jacquemont first examined 

the plants of Kashmir (1831); and Sir Joseph Hooker and Thomas Thompson explored the 

eastern Himalaya. The latter half of the 19th century led to the studies on forests and 

silviculture. Troup (1921) published work on the silviculture of Indian trees. During that 

period many contributions were made to forest communities of the central Himalaya 

(Dudgeon & Kenoyer, 1925; Kenoyer, 1921). H. G. Champion firstly classified the forests of 

the Himalaya. Consequently, some more studies were carried out for paleoecological aspects 

of the Himalayan vegetation. Emergence of ecological centers (mainly of Kumaun University 

in the central region, and the North-eastern Hill University in the eastern region) during 1975 

resulted knowledge gain related to the ecology of the Himalayan forests. On the basis of 
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quantitative data of species composition, also of structural and functional features forest 

communities were investigated (1987).  

1.6. Motivation & Problem Statement 

In recent years the phenological study of the natural vegetation as it is a key indicator for 

climate change impacts. The various studies on phenology has been carried out accorss the 

world at different scales from global to regional using a suite of sensors. The ANOVA satellite 

NDVI datasets were used in many studies but due to its coarser resolution the studies are not 

so much useful. In last 15 years the climatic anomalies are exponentially changed which 

directly reflects their impact on agriculture as well as on forest. The Himalayan region which 

covers approximately 1089133km2 area contains various species and forests over varied 

geographic gradients (longitude-latitude and altitude). The landuse / landcover maps of Forest 

Survey of India (FSI) and the project on biodiversity characterization at landscape level in 

India (National Assessment) express the changes in the forest of Himalayas. At present there 

is no phenological study yet carried out which explain the present scenario of this area. There 

is a need to study the time series analysis on Himalayan region in last 15 years. It is a complex 

and lengthy process to analyze the spatio-temporal data on the complete range of Himalayan 

belt with high resolution datasets. At present only transformation or thresholding based 

packages and softwares are available which are able to do this type of task. The thresholding 

based method requires the smoothing operation which alters the overall values in a datasets. 

The transformation based methods require huge amount of computation if large no of multi-

temporal datasets are used. So it is needed to work in the direction of implementing the 

decomposition models to sort out such problems. 

1.7. Benefits of Research 

The potential benefit of the project is that it develops a framework to detect the seasonal & 

trend breakpoints on large spatio-temporal datasets. The developed frame work is capable of 

processing the data from simple ASCII file as well as stacked images with complete 

automation. The algorithm is able to generate time series data sets with any frequency of 

sample datasets or irregular datasets. The developed frame work can run the algorithm in each 

and every pixel in automatic mode and generate an output text file for complete image. The 

phenological study over Himalayan range develop a new baseline for further work. The long 

term phenological study over a Himalayan range explain the scenario of last 15 years and 

opens up a new dimension for future researchers. 
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1.8. Research Identification: 

The study aims to detect phenological changes from time period 2001-2014 of forest in 

Himalayan region. In order to successfully achieve the objective, following sub-objectives 

has been envisaged- 

1.8.1. Research Objectives 

 To develop a frame work for trend analysis  using time series data over areas with 

large  spatial extent 

 To study phenological variability and automatically detect changes in vegetation. 

 To compare outputs of time-series NDVI/EVI data using decomposition based 

method (BFAST) and  thresholding based method (TIMESAT)  

1.8.2. Research Questions:  

The research objectives have been formulated to answer the following research questions: 

 Which  algorthim  can be applied to extract trend and seasonal  patterns for extracting 

phenological changes in large areas  

 Sensitivity of  parameters with respect to the model used to  estimate the phenological  

changes? 

 Which model/algorithm is better for analysis of long time series datasets? 

 How the algorithms can be developed to automatically detect changes in saptaio-

temporal coarse resolution satellite derived datasets? 

1.9.Structure of Thesis 

Thesis is divided into seven chapters which are following: 

Chapter 1: This chapter contains the introduction of work which includes the background of 

work, definition of phenology and variations in climatic regimes, the association of forest 

with phenology, description of Himalayan forest, motivation & problem statement, benefits 

of research and research identities (questions & objectives). 

Chapter 2: It includes the literature review where all the theoretical and practical concepts 

related to the research are discussed along with the work which is done in the same field. 
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Chapter 3: It includes the information & description of study area and the details of datasets. 

Chapter 4: It describes briefly the complete methodology of the project, the applied methods 

for data processing and analysis, the mathematics of algorithm and approaches. 

Chapter 5: In this chapter all results derived from methodology are illustrated and 

summarized with tables and figures.  

Chapter 6: In this chapter the outcomes of the project are discussed and described in a way 

that all the research questions are addressed. 

Chapter 7: The seventh chapter includes conclusions and recommendations, the most 

important aspect of the research work is emphasized and the recommendations are given for 

the practical application of the results along with the suggestions to improve the research. 
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2. LITERATURE REVIEW 

In this chapter, approaches of phenological modeling like natural gradient based (Temporal 

& Spatial) as well as experimental based modeling were reviewed and discussed. Various 

methods to determine the deciduous phenology is also focused, then the chapter moves 

towards understory phenology studies. Other researcher’s and scholar’s efforts in the direction 

of phenology is correspondingly described. Overview of technology & Algorithms 

(TIMESAT & BFAST) used is also explained. Further, the literature review on data 

generation techniques is also discussed. 

2.1. Phenological Modelling 

The phenological modeling is used to understand the phenomena of the plant and their 

phenological parameters such as start of season, end of season, peak of season, length of 

season, greening curve or browning curves. It can be done in various ways but majorly it is 

categorized in two categories are follows:-  

2.1.1. Natural Gradient Studies 

Temporal:-The first category in natural gradient studies is temporal gradient (Dunne, 

Saleska, Fischer, & Harte, 2004). Temporal gradients are of two types i.e. multidecadal 

(Menzel et al., 2006) and site resampling (1994).  Multidecadal studies works on the long-

term observational data. These datasets provided by individuals (Fitter & Fitter, 2002) 

covering small area or by phenological networks covering large regions. Phenological 

network (Chmielewski & Rotzer, 2002)(Menzel et al., 2006) was first developed by Carl von 

Linné in Sweden and Finland in the middle of the 18th century (1955). Today, phenological 

networks are assimilated into National Meteorological Services (e.g., German Meteorological 

Service), and more phenological networks such as the newly founded USA-National 

Phenology Network (USA-NPN) are continuously being launched. 

The significance of phenology can be seen from the climate studies research. For existence 

the knowledge of phenology is important especially at the time of fruits ripening. Humans 

started off late in getting the knowledge of the phenological events. An important and 

significant event of phenological change was cherry flower phenology observation in Kyoto, 

Japan, in 705 AD and since then it has continued for 1300 year. 

Spatial: - The effect of changing environment on the plant growth can also be determined by 

using spatial gradients. Spatial gradient involves elevation (Ziello et al., 2009), longitude & 

latitude (Parmesan, 2007) and urban gradient (Jochner, Sparks, Estrella, & Menzel, 2012). 
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They provides natural temperature gradients. Temperature is high in warm city centers 

whereas, comparatively colder countryside for urbanization gradients. Latitudinal gradients 

refers to an escalation of temperatures from higher to lower latitudes. Elevation gradients 

focuses on decline of air temperature from e.g., 0.54 to 0.58 °C per 100 m increase in altitude 

for the Alpine region (Rolland, 2003).  

Spatial gradients signifies climate change over locations and temporal gradients refers to 

changes over a time. The changeover of space with time is realistic. Hence, the study deals 

with two phenological studies along with altitudinal gradients to observe the effects of climate 

change on the phenology of the plant.  

2.2.Experimental Studies 

The field experiments are common way to test the effect of the climate change on the plant 

phenology. Some of them are simulation of high temperature, snow melt dates, water 

availability shifts and increasing CO2 concentrations. 

In field, temperature is measure by heating cable (Bokhorst, Bjerke, Street, Callaghan, & 

Phoenix, 2011)(Moser, Fridley, Askew, & Grime, 2011), heaters (Dunne et al., 2004)(Dunne, 

Harte, & Taylor, 2003) or in chambers passively (Hoffmann et al., 2010)(Liancourt et al., 

2012). The passive methods are dependent on the meteorological changes and active methods 

are controllable. Also heating cables also heat up the soil surface resulting in the unrealistic 

temperature difference between plant parts (De Boeck, Dreesen, Janssens, & Nijs, 2010). The 

studies for snow melt uses fence (Torp, Witzell, Baxter, & Olofsson, 2010), active & passive 

heaters (Dunne et al., 2003) (Aerts, Cornelissen, & Dorrepaal, 2006)  and shovels (Dunne et 

al., 2004)(Wipf, Stoeckli, & Bebi, 2009). Fence is used to simulate delayed snowmelt by using 

snow accumulation. It is usually preferred as when it is installed they need minor attention 

from researchers. In contrast, shovelling is quite labour-intensive to make the site snow-free. 

Snowmelt dates are difficult to predict using passive techniques (Wipf, 2010). Snowmelt is 

simulated by two methods i.e. active heater or by using shovel. Shovel method is labor 

intensive. Active heaters are easy to work with as they can help in temperature control. It is 

quite difficult to know the effect of individual effect on plant response because of the 

combined effect of warming and snowmelt (Wipf & Rixen, 2010). The water accessibility of 

plants are accessed by simulating drought events or by elevated precipitation. In field, drought 

is simulated by two methods i.e. mobile rain-out shelters and static rain-out shelters. The 

mobile rain-out shelters cover the plots in rain only, whereas static rain-out shelters work 

during the drought period. Mobile rain-out shelters are advantageous as radiation balance is 

influenced during rain events when (solar) radiation is not crucial, whereas static rain-out 
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shelters influence the radiation balance and PAR permanently. Water availability have been 

increased due to additional irrigation. The added water amount can simulate higher average 

precipitation up to heavy rain events (Jentsch, Kreyling, BOETTCHER-TRESCHKOW, & 

Beierkuhnlein, 2009). 

During phenological events, the amount of CO2 is raised in glasshouses (Ellis, Craufurd, 

Summerfield, & Roberts, 1995), in growth chambers and using free-air with FACE (Free Air 

Carbon Enrichment) techniques (Bloor, Pichon, Falcimagne, Leadley, & Soussana, 

2010)(Springer & Ward, 2007). FACE technique helps plants developing in natural 

conditions to be exposed to elevated CO2 concentrations. Though, both building and running 

of FACE systems are highly costly. 

2.3.Methods of determining deciduous phenology 

The common technique for determination of deciduous phenological stages is the 

employment of in-situ (i.e., ground) observations. For example:- 

 Pellikka studied leaf area index LAI (the one-sided green leaf area per unit ground 

area) (Pellikka, 2001) using ground-based measurements. Hassan & Bourque studied 

the canopy closure increment in spring and canopy closure decrement in autumn 

season for deciduous forests in German Alps area using photosynthetically active 

radiation (PAR) (Hassan & Bourque, 2009). 

 Fisher determined spring onset for deciduous forest in New England, USA with the 

help of  ground-measured air temperature (Fisher, Richardson, & Mustard, 2007). 

 Beaubien & Hamman developed the database of spring phenology for common plants 

over Canada by integrating the visual observation of the volunteers employed 

(Beaubien & Hamann, 2011). 

This method is quite accurate but it provides site specific information over small location 

(approximate order of several hundreds of m2). Thus, the other methods such as remote 

sensing because of their large coverage of earth’s surface are viable(Delbart, Le Toan, 

Kergoat, & Fedotova, 2006)(Cleland et al., 2007)(Reed, Schwartz, & Xiao, 2009).  

To determine the vegetation stages such as green up, maturity, etc. various remote sensing-

based vegetation and water indices are used. The indices are calculated by using surface 

reflectance of the spectral bands of data by satellite sensors. For example; the spectral 

signature curves as shown in figure (2.1), detects the various phenomenon such as green and 

dry vegetation, and soil by the effective reflectance. The reflectance of vegetation are of two 

types i.e. green/wet (i.e., photosynthetic) and dry (i.e., non-photosynthetic). Figure (2.1) 
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shows reflectance of green vegetation expressing unique spectral signature which helps it to 

distinguish it from other types of reflectance. It is found to be low in both the blue and red 

regions of the electromagnetic spectrum (i.e., 0.4 - 0.6 μm). This is because of absorption by 

chlorophyll for photosynthesis and has a small peak in green region (i.e., 0.5 μm). The 

reflectance of green vegetation is higher in the near infrared (NIR) region as compare to 

visible region because of the cellular structure of the leaves. The absorption in the spectrum 

of dry non-photosynthetic vegetation occurs due to the cellulose, nitrogen and lignin. For the 

green vegetation, these absorptions are weak due to the presence of water bands.  

 

Figure 2.1: The spectral reflectance curves of green and dry vegetation and soil along with the spectral wavelengths (after 

Clark et al. 1999). 

The indices were estimated using the spectral signatures such as: 

Normalized difference vegetation index NDVI: It a factor which helps in quantification of 

vegetation greenness (Parviainen, Luoto, & Heikkinen, 2010) and determines onset of green-

up over: (a) temperate deciduous broadleaf forests in France (Soudani et al., 2008) and; (b) 

boreal forest in northern Eurasia (Delbart et al., 2006); The NDVI was calculated using the 

equation (1) (Rouse Jr, Haas, Schell, & Deering, 1974): 
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𝑁𝐷𝑉𝐼 =
ρNIR− ρRed

ρNIR+ ρRed
   (1) 

where, ρ is the surface reflectance for the NIR (near-infrared) and red spectral bands. 

Enhanced vegetation index (EVI): It helps in determining vegetation greenness and canopy 

structure; (Huete et al., 2002) and also the onset of green-up over: (a) deciduous broadleaf 

forest in Wisconsin, USA (Liang, Schwartz, & Fei, 2011); (b) boreal forested regions in 

Alberta, Canada (Sekhon, Hassan, & Sleep, 2010); The EVI was calculated using the equation 

(2)(Huete et al., 2002): 

𝐸𝑉𝐼 = 2.5 ∗
ρNIR− ρRed

ρNIR+ρRed − ρBlue+1
   (2) 

where, ρ is the surface reflectance for the near-infrared, red and blue spectral bands. 

Leaf Area Index (LAI): It was used to determine the vegetation maturity over mixed 

temperate deciduous forest in Wisconsin, USA using Moderate Resolution Imaging 

Spectroradiometer (MODIS) satellite (Hanes & Schwartz, 2011).

Normalized difference water index (NDWI): It helps in determining water/moisture in the 

canopy; (D. Chen, Huang, & Jackson, 2005) was used in determining deciduous leaf out over 

boreal forest in central Siberia area(Delbart, Kergoat, Le Toan, Lhermitte, & Picard, 2005). 

The NDWI was calculated according to the equation (3) as below (B.-C. Gao, 1996): 

𝑁𝐷𝑊𝐼 =
ρNIR− ρSWIR

ρNIR+ ρSWIR
   (3) 

where, ρ is the surface reflectance for the near-infrared and short wave infrared (SWIR) 

spectral bands. 

On transformation of the phenological stage the temporal trends of indices are utilized for 

determining the changes in biophysical and biochemical characteristics of the vegetation 

(McCloy, 2010). It was found that NDVI and EVI helps in predicting the spring onset which 

can bring in uncertainties due to the snow on the ground over the boreal-dominant regions in 

particular (Delbart et al., 2006)(Sekhon et al., 2010). Hence, LAI can also be affected in a 

same way. Independent of snow conditions NDWI can determine the vegetation 

developmental (Delbart et al., 2006)(Sekhon et al., 2010). The temporal trends of these indices 

helps in analyzing the phenological stages for example, onset, maturity, and end of the 

growing season (Zhang et al., 2003)(Delbart et al., 2005). The intermediate phenological 

stages such as DLO and DLF requires further investigation. 
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In general, vegetation response is affected by climatic variables (Hassan & Bourque, 2009); 

thus surface temperature (TS) determined by using remote sensing-based methods helps in 

knowing deciduous phenology. For example: 

 Hanes and Schwartz worked in deciduous dominant mixed temperate forest. He 

studied dynamics of leaf out as a function of accumulated growing degree days 

(GDD: It refers to the favorable temperature regime for plant growth) (Hanes & 

Schwartz, 2011). 

 Zhang studied the green-up onset of vegetation as a function of accumulated chilling 

days which are the days with temperatures values less than a threshold value) (Zhang, 

Friedl, Schaaf, & Strahler, 2004). 

In the above cases, MODIS-based TS products were used without converting them into daily 

average air temperature. For the calculation of GDD and chilling days, average air 

temperature measured near the surface are important (Delbart et al., 2008). Hence, GDD 

mapping methods using MODIS-based TS products along with the ground-based air 

temperature measurements are alternative (Hassan & Bourque, 2009). 

The most frequently used method to study understory phenology are ground based methods. 

Using the ground-based measurements, Butler carried out one-way analysis of variance 

(ANOVA) to observe the understory species (i.e., woody and herbaceous vegetation) richness 

and abundance in plantation area of tree density, percentage canopy openness, etc. over north-

eastern Costa Rica (Butler, Montagnini, & Arroyo, 2008). Flowering stage of understory 

species (i.e., herbaceous) were analyzed by Kudo during spring, early-summer, and late-

summer bloomers using ground-based air temperature, photon flux density (PFD) over 

Tomakomai Experimental Forest area of Hokkaido University in northern Japan (Kudo, Ida, 

& Tani, 2008). Liang studied spring time understory (i.e., grasses and herbs) greenness over 

Chequamegon National Forest in northern Wisconsin, USA using ground-based air 

temperature, relative humidity and digital photographs (Liang, Schwartz, Fei, & others, 

2011). In Alberta, used visual observations at approximately 120 lookout tower sites to 

determine understory grass greening stages over the boreal dominant forest. This is used to 

predict the forest fire behavior during fire occurrences in the growing or fire season. 

The ground-based methods are not useful to determine the dynamics over a large area. Hence, 

remote sensing-based methods are used to delineate the spatial dynamics of the understory 

vegetation. For example: 

Tuanmu used MODIS-based 16-day composites of surface reflectance data to map understory 

vegetation (i.e., bamboo) using phenological characteristics (Tuanmu et al., 2010). Wide 
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dynamic range vegetation index (WDRVI) was used to determine start of season, end of 

season, mid of season over Chinese Wolong Nature Reserve; The WDRVI was calculated by 

using equation (4)(Gitelson, 2004) (K. M. De Beurs & Henebry, 2004): 

𝑊𝐷𝑅𝑉𝐼 = α ∗
ρNIR− ρRed

ρNIR+ ρRed
   (4) 

Where, ρ = surface reflectance for the near-infrared and red spectral bands 

α = weighting coefficient set as 0.25  

Yauschew & Raguenes analyzed seasonal changes of the herbaceous understory vegetation 

(over the large maritime pine forest area in south-western France by using 

SPOT/VEGETATION-derived perpendicular vegetation index (PVI) (Yauschew-Raguenes, 

Guyon, Kruszewski, Hagolle, & Wigneron, 2008). The PVI was related with the ground 

measured fraction of absorbed photosynthetically active radiation (fAPAR) over understory 

vegetation; The PVI was calculated by using equation (5) (Richardson & Wiegand, 1977): 

𝑃𝑉𝐼 =
ρNIR−α ρRed− 𝛽

√𝛼2+1
   (5) 

where, ρ is the surface reflectance for the near-infrared and red spectral bands and 

α, β (i.e., α = 1.253, β = 0.030) (Baret, Clevers, & Steven, 1995) are the parameters of soil 

line. 

Eriksson used a reflectance model of LANDSAT ETM+ to examine the impact of the 

understory vegetation (i.e., grasses, herbs, ferns, mosses and small bushes) on the forest 

canopy of LAI over southern Sweden. It was observed that the understory vegetation coverage 

is higher in coniferous than deciduous stands having the same LAI. 

Wilfong used various vegetation indices [i.e., simple ratio (SR), EVI, visible atmospherically 

resistant index (VARI), soil adjusted vegetation index (SAVI), normalized difference 

moisture index (NDMI), etc.] using LANDSAT ETM+ to determine the seasonal changes 

(i.e., greenness, leaf senescence, leaf abscission, etc.) of understory vegetation (i.e., shrub) in 

south western Ohio and Indiana, USA. The calculations of the indices are describe by equation 

(6,7,8 &9) (Wang, Lu, & Haithcoat, 2007): 

𝑆𝑅 =
ρNIR

 ρRed
     (6) 

where, ρ is the surface reflectance for the near-infrared and red spectral bands 
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𝑉𝐴𝑅𝐼 =
ρGreen− ρRed

ρGreen+ ρRed− ρBlue
   (7) 

where, ρ is the surface reflectance for the green, red and blue spectral bands. 

𝑆𝐴𝑉𝐼 =
ρNIR− ρRed

ρNIR+ ρRed+𝐿
∗ (1 + 𝐿)   (8) 

where, ρ is the surface reflectance for the near-infrared and red spectral bands and L is the 

soil brightness correction factor (i.e., L = 0.5). 

𝑁𝐷𝑀𝐼 =
ρNIR− ρMIR

ρNIR+ ρMIR
   (9) 

where, ρ is the surface reflectance for the near-infrared and middle-infrared (MIR) spectral 

bands 

Because of the heterogeneity in the forest area  there may be some uncertainty in the indices 

(e.g., WDRVI, PVI, and LAI) (Tuanmu et al., 2010). Due to the presence of snow during early 

spring, NDVI and EVI might have limited capability over boreal forest (Delbart et al., 

2005)(Sekhon et al., 2010). Whereas, normalized difference water index (i.e., NDWI) was 

found to be better in determining the vegetation green up stages independent of the snow 

conditions (Delbart et al., 2005)(Sekhon et al., 2010). However, the application of NDWI in 

determining understory phenology has not been seen elsewhere, so it is worthwhile to evaluate 

its performance. 

The climatic variables (particularly temperature) affects vegetation growth, hence remote 

sensing-based surface temperature regimes are used for vegetation phenological studies. 

Some of examples have also been mentioned in the previous section “2.4 Methods of 

determining deciduous phenological phenology”. The implementation of temperature-derived 

predictors are not widely found, hence here in this study GDD based methods are to determine 

the understory phenology. 

2.4.NDVI based data products: 

The Normalized Difference Vegetation Index (NDVI) is a vegetation index, used for 

worldwide environmental and climatic changes. Because of the noise due to cloud 

contamination and atmospheric variability hinders the application of NDVI. A method for 

assimilation of data is used to reconstruct high-quality time-series MODIS NDVI data. 16-

Day L3 Global 1 km SIN Grid NDVI data sets were extracted for western China from MODIS 

vegetation index (VI) products (MOD13A2) for the period of 2003–2006. NDVI during first 



Detection of Phenological Change and Greenwave Inflection over Himalaya Region using Decomposition Model 

19 

 

three years i.e. from 2003 to 2005 were used to produce the background field of NDVI based 

smoothing technique, capturing annual features of vegetation change. NDVI data for 2006 

was used to test our method. For each time step, the quality assurance (QA) flags of the 

MODIS VI products were adopted to empirically regulate the weight between the background 

field and NDVI observations. Hence, more reliable NDVI is produced. By analysing the 

results it is found that this method is robust and effective in reconstructing time-series using 

high-quality MODIS NDVI (Gu, Li, Huang, & Okin, 2009). 

To generate synthetic Landsat images the STARFM (F. Gao, Masek, Schwaller, & Hall, 2006) 

algorithm was used by Thomas Hilker,  Michael & Wulder (Hilker et al., 2009) which is used 

to study vegetation dynamics in different land cover types. These reflectance values were 

assessed for various vegetation classes (mainly coniferous forest), by comparing them with 

reflectance values from real (observed) Landsat images during one growing season. The 

STARFM algorithm was tested to assess seasonal changes (i.e. changes due to vegetation 

greenup and leaf senescence) in boreal and sub-boreal forest regions  in which the prospective 

of obtaining higher spatial resolution data (and therefore the potential for mapping of 

vegetation dynamics) is low. Algorithms used in this study are important in mapping high 

spatial resolution changes in vegetation cover with high temporal density, over larger 

spanning areas. Data blending algortihm i.e. STARFM minimises technical restrictions and 

trade-offs that require data with both high spatial and temporal resolutions. Thus, synergy of 

multiple data sources such as MODIS and Landsat can be used to monitor seasonal changes 

in vegetation biophysical and structural attributes over large areas. Development of data 

blending techniques affects the design of new sensors, utilising spatial and temporal 

resolutions with the complementary nature of these systems (Hilker et al., 2009). 

2.5.Long term NDVI studies for estimating changes in phenology: 

The thresholding technique is used to assess the start of seasons, end of season, length of 

season, Integral-NDVI and maximum NDVI from NDVI datasets. At the European 

continental scale, the decidous forest are differenitated by using phenological parameters. The 

remote sensing phenology helps in estimating the phenological metrices over a large area span 

(2012b). 

Long-term dataset of GIMMS NDVI time series (1983 to 2005) was used to extract and 

investigate vegetation phenology in Sahelian to equatorial areas. To get the phenology 

parameters TIMESAT software package was used. To investigate the fluctuation of 

phenology parameters higher order of polynomial trends were used as developed by Jamali. 

A new technique called “polynomial hidden trends” was developed by Jamali (Jamali, 

Seaquist, Eklundh, & Ardö, 2014), using higher order polynomials. These polynomial trends 
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identifies vegetation changes, although phenology parameters changes were mainly described 

by linear trends. Also, some of the change was characterized by quadratic and cubic trends 

(Veysipanah, 2014). 

A work by Chuan Qin concentrated on phenological changes from 1982 to 2006 in East 

Africa. Information from time series data showed variability in phenological patterns over 

East Africa. The phenological patterns were found to be highly correlated with precipitation 

patterns, land cover types, climatic factor and anthropogenic factors werefound to be major 

contributors to phenological changes but their degrees of influence changes from place to 

place.(2011). 

The Nathan Brian Piekielek identified the biophysical correlatation and potential drivers of 

grassland phenology in the Upper Yellowstone River Basin. The study used land surface 

phenology and analysed it relative to seasonal changes in gridded continuous climatic surfaces 

with the help of regression-tree techniques. It was concluded that seasonal variation in solar 

radiation act as the outer-envelope climate-control for phenology. In outer envelope, early-

season phenology reacts to changes in temperature, wheras relation between water-

availability and evaporative demand determines late-season phenology and productivity 

(2012a). 

Although long term remotely-sensed data sets exists, but few number of time series change 

detection methods have been established. Time series consist of combination of phenological 

and trend changes, along with the noise from remnant geometric errors, atmospheric scatter 

and cloud effects (K. M. De Beurs & Henebry, 2005)(Verbesselt, Hyndman, Zeileis, et al., 

2010). Land surface phenology (LSP), refers to the spatio-temporal development of the 

vegetated land surface in relation to climate (K. De Beurs & Henebry, 2005). It is related to 

plant phenology through absorption and reflectance of radiation and is also influenced by 

atmospheric scatter, cloud and snow cover, bidirectional reflectance effects and non-climatic 

factors influencing the land surface (e.g., biogenic or anthropogenic disturbances) (M. A. 

White et al., 2009). 

2.6.Overview of BFAST & TIMESAT Algorithm: 

Breaks For Additive Seasonal and Trend (BFAST) contains iterative decomposition of time 

series into trend, seasonal and noise components along with methods for detecting changes, 

without any reference period, threshold or change in trajectory. It can detect long term 

phenological change time series data (Verbesselt, Hyndman, Zeileis, et al., 2010)(Verbesselt, 

Hyndman, Newnham, et al., 2010). 
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TIMESAT developed by  Per Jonsson and Lars Eklundh extracts seasonality information from 

time-series data by  is based on nonlinear least squares fits of asymmetric Gaussian model 

functions. This is an it is open source software, which provides three different smoothing 

functions to fit time-series data: asymmetric Gaussian, double logistic and adaptive Savitzky–

Golay filtering, a user-defined weighting scheme and a set of phenology metrics can be  

generated. .The smooth model functions determine the key seasonality parameters, e.g. 

number of growing seasons, the beginning and end of the seasons, and the rates of growth and 

decline. TIMESAT is used for this and tested on Advanced Very High Resolution Radiometer 

(AVHRR) based normalized difference vegetation index (NDVI) data over Africa (Jonsson 

& Eklundh, 2002).  
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3. STUDY AREA & DATASETS 

This Chapter is divided into two parts: - study area and datasets. In the first part of chapter 

the focus is on study area and its details like geography, soil, climate, forest, rivers and the 

problem overcomes in the study area. The other part of this chapter is datasets in which the 

all used datasets are described briefly.  

3.1.Study area 

The study area of this project is shown in figure (3.1). The Himalayan mountain system was 

developed in a series of stages 30 to 50 million years ago. The Himalayan range was created 

from powerful earth movements that occurred as the Indian plate pressed against the Eurasian 

continental plate, about 70 million years ago. The plate shifting raised the deposits laid down 

in the ancient, shallow Tethys sea (on the present location of the mountains) to form the 

complete Himalayan belt. The Tethys Sea that had existed in the location, disappeared, and 

as the Indian landmass continued to ram into Asia, the soft sediments that had lain at the 

bottom of the Tethys Sea were pushed up in a series of gigantic folds of the Earth's lithosphere, 

to reach a height of 8850m straight from sea level. Since the Indo-Australian plate is still 

moving-at 67 mm per year-the Himalayas are still rising, making the area geologically 

unstable and seismically active. It is predicted that in the next 10 million years, the Indo-

Australian plate will move 1,500 kilometers forward into Asia. In these mountains the high 

scale earthquakes and tremors are very frequent. The Himalayan range can be divided into 

three parallel zones: The great Himalayas (higher altitude region), the middle Himalayas 

(lower or inner Himalayas) and the sub Himalayas, which includes the Tarai, Siwalik range 

and the foot of a mountains. 

3.1.1. Geography 

The middle coordinates of Himalaya is 27.9881 degree north and 86.9253 degree east. 

Stretching in the large arc of 2500 kilometers in length with a varying width range from 240 

to 330 kilometers, along the boundaries and covering parts of 5 middle & south Asian 

countries, the Himalayan mountains span an area of 750,000 kilometers square. The complex 

ranges of Himalaya sits amidst multiple overlapping: the Himalaya, the Hindu Kush, 

Karakorums, Pamirs, Tien Shan and Kun Lun, and forms a geographical divide between the 

Indian subcontinent and Central Asia. The lesser ranges project southward from the main 

body at both the eastern and the western ends, and the Tibetan plateau lies north of mountain 

system. From east to west, the Himalayas may be divided into three regions: western 

Himalayas, central Himalayas, and eastern Himalayas, from the Brahmaputra-Tsangpo gorge 
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below Namche Barwa in the east to the Indus trench below Nanga Parbat in the west. The 

countries that form part of this mountain system include: India (Assam Himalaya, Central 

Himalaya, Kashmir Himalaya and the Trans-Himalayan region of Ladakh), Nepal, Bhutan, 

China (Tibet), and a small part of Pakistan & Afganistan.  The areas of the 'Terai', the upper 

section of the Gangetic Plains and the 'Bhabar', the area abutting the Siwaliks are also included 

in the Himalayan region (“Origin & Geography”). 

3.1.2. Soil 

There are several type of soils found in Himalayas which are diverse in character depending 

upon slope, location, altitude, forest covers, stage and structure. The major soil groups in the 

Himalayas are Sub Mountain soils, red loamy soils, brown hill soil and meadow soil. The 

maximum soils are acidic in nature which mainly found in higher altitude region of middle 

Himalayas and across whole altitude region of the eastern Himalayas (2015). 

3.1.3. Climate 

The two major seasons of Himalaya are winters and summer. The average winter temperature 

of southern foothills is about 18 degree Celsius and average summer temperature is about 30 

degree Celsius. The middle Himalayas are very cold in winters where the average summer 

temperature is around 25 degree Celsius. In the higher altitude of middle Himalayas, the 

winters are below freezing point while the summer temperature of this region is about 15 to 

18 degree Celsius. The top hills (above 5000meter) are permanently covered with snow and 

have temperature below freezing point. The climatic condition of Himalayan region quickly 

change with the variation of altitude. Some areas of western Himalayas like Shimla, chamba, 

Kumanon, Garhwal and Kangra experiences the monsoon, whereas some regions of north 

Himalaya range are unaware of the monsoon like ladakh and Zanskar. The eastern Himalayan 

region like Darjeeling and Sikkim comes under Indian monsoon regions (“Climate of the 

Himalayas,” 2010). 

3.1.4. Forests 

The different type of Himalayan forests are deciduous forests, alpine forests, coniferous 

forests and sub-tropical rain forests. The deciduous forests are also known as broad leaf 

forests. These forests are found in between the altitude of 600 meters to 3000 meters along 

the whole Himalayan belt and the coniferous forests (also known as Needle leaf forests) lies 

in between 3000 meters to 4500 meters along the whole Himalayan belt. The Alpine forests 

lies in between foot hills and timber line. The sub-tropical rain forests are mainly found in 
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eastern Himalaya (“Different Types Of Himalayan Forests And Variety Of Mammal And 

Bird Species Living In It,” 2015). 

 

Figure 3.1: Map of Study Area 
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3.1.5. Rivers 

The Himalayan region is a birthplace of large no of rivers in which main five rivers exists 

Jhelum, Chenab, Ravi, Beas and Sutlej. Indus, Ganga, Yamuna, Brahmaputra and Spiti also 

comes from Himalayas (“Rivers in Himalaya Mountains,” 2000). 

3.1.6. Problem of the Study Area 

The study area covers approx. 1089133km2 area which have large variation in latitude axes 

(26° North to 36° North), longitude axes (72° East to 97° East) and altitude (200 meter to 

8000meters). The Vegetation Covers, wind temperature and other parameters quickly change 

with change the change in location.  

3.2.Datasets 

For achieving the proposed objective numerous datasets are required which can be 

categorized into two parts: - Satellite Data and Ancillary data. 

3.2.1. Satellite Data 

In this study four different multiresolution satellite datasets were used. On the requirement 

bases MODIS (Moderate-resolution Imaging Spectroradiometer), LISS-III (Linear Imaging 

Self Scanning Sensor), LANDSAT 8 (Land Satellite) were used which were different to each 

other on the basis of spatial & spectral resolution. The MODIS & LANDSAT were freely 

available datasets, whereas LISS III was available on the request. 

A) MODIS (MOD09A1 Product) 

MODIS data helps in quantifying land surface characteristics i.e. land cover type and extent, 

snow cover extent, surface temperature, leaf area index, and fire occurrence. Parametrization 

and validation of ecosystem models are performed using the satellite measurements of leaf 

area, leaf duration and net primary productivity. To detect the changes and trends in variables 

high quality, consistent and well-calibrated satellite measurements are needed. The next-

generation data sets generation for global change research is the challenge for MODIS Science 

Team (“MODIS Land Team,” 2014). 

MOD09A1 contains 1-7 bands of 500-meter resolution in an 8-day gridded level-3 product in 

the Sinusoidal projection. Each of its pixel contains L2G observation during an 8-day period 

particularly by high-observation coverage, low-view angle, the absence of clouds or cloud 
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shadow, and aerosol loading. Version-5 MODIS/Terra Surface Reflectance products are Stage 

2 Validated, i.e. their accuracy has been assessed over a widely locations and time periods 

through several ground-truth and validation efforts (“MOD09A1 | LP DAAC :: NASA Land 

Data Products and Services,” 2014). The complete Himalayan range is cover in six tiles 

(h24v05, h24v06, h25v05, h25v06, h26v05, h26v06). These six tiles are taken for each 8day 

composite date for 15 years. For this project total 4140 (6tiles* 46days *15 years) tiles are 

downloaded to generate time series data.  

B) LISS-III (Linear Imaging Self Scanning Sensor) 

This is a multi-spectral camera which operates in four spectral bands, i.e. three in the visible 

and near infrared and one in the SWIR region. These Data products are Standard and have a 

system level accuracy. LISS-III Standard Products include Path/Row Based products, Shift 

along Track product, Quadrant products and Georeferenced products. Path/Row Based 

products are generated by referencing scheme of each sensor. Shift Along Track applies to 

those products covering a user's area of interest which falls in between two successive scenes 

of the same path, then the data can be supplied by sliding the scene in the along track direction.  

Three Scenes of location1 (75.79439418E 32.43102849N), location2 (97.08579708E 

28.36386154N), and location3 (79.28053728E 29.14176124N) would be taken for validating 

purpose. 

C) LANDSAT 8 (ETM+) 

This sensor contains two instruments: Operational Land Imager (OLI) and Thermal Infrared 

Sensor (TIRS).  OLI contains heritage bands, with three new bands: a deep blue band for 

coastal/aerosol studies, a shortwave infrared band for cirrus detection and a Quality 

Assessment band. TIRS contains two thermal bands. These sensors have improved signal-to-

noise (SNR) radiometric performance with 12-bit dynamic range. This helps in better 

categorization of land cover state and condition. Products are provided as 16-bit images 

(scaled to 55,000 grey levels). The LANDSAT 8 OLI is used for analysis of outcomes and 

field data. One tile (path 146 & row 38) is taken on 8 Nov 2014 for validation. The remaining 

three datasets are taken for validating the results for location1 (Longitude-75.79439418E & 

Lattitude-32.43102849N) on 28 April 2014, location2 (Longitude-97.08579708E & Latitude-

28.36386154N) on 19 April 2014, and location3 (Longitude-79.28053728E& Latitude- 

29.14176124N) on 9 may 2014. 
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D) Landsat 7 (ETM+) 

Landsat 7 is calibrated Earth-observing satellite. Its measurements are very precise as 

compared to the same measurements made on the ground.  Landsat 7’s sensor is called “the 

most stable, best characterized Earth observation sensor ever placed in orbit.”  Landsat 7, 

hence is used for validation for many coarse-resolution sensors. 

The satellite datasets used in the study and their description is provided in in table (3.1).  

Table 3.1: List of Satellite data products 

Satellite Name Data Product Purpose No of Datasets Sensor 

Aqua MOD09A Time Series 3864 MODIS 

IRS-1C Georeferenced Validation 2 LISS-III 

Landsat 8 LC8 Validation 4 ETM+ 

Landsat 7 LE7 Validation 1 ETM+ 

 

3.2.3 ANCILLARY DATA 

Some other datasets also needed for this project which are helpful for processing. The land 

use land cover map is required for pine area extraction, the DEM needed for altitude parameter 

and ground data is necessary for validating purpose. 

A) SRTM DEM 

The SRTM 90m DEM’s with 90m resolution is provided in mosaicked 5 deg x 5 deg tiles. 

These are available in two formats i.e. ArcInfo ASCII and GeoTiff format. This is done to 

facilitate their ease of use in a variety of image processing and GIS applications. 

The NASA’s Shuttle Radar Topographic Mission (SRTM) provides digital elevation data 

(DEMs) for 80% of the globe. This data provided free of charge by USGS and can be 

downloaded from the National Map Seamless Data Distribution System, or the USGS ftp site. 

The SRTM data is provided as 3 arc second (approx. 90m resolution) DEM. A 1 arc second 

data product also exists, but is not provided for all countries. The vertical error of this DEM 

is less than 16m. The data is distributed by NASA/USGS and it comprises “no-data” holes 

where water or heavy shadow prohibited the quantification of elevation (“SRTM 90m Digital 

Elevation Database v4.1 | CGIAR-CSI,” 2013). These are the small holes, which leaves the 

data less useful, especially for hydrological modeling but for our study it fulfilled all the 

needs. This data was helpful in achieving third aim of the project. 
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B) Land Use Land Cover (LULC) 

The used LULC map in this project is generate in the program of Biodiversity characterization 

at Landscape level in India (National Assessment) which is a part of ISRO-Geosphere 

Biosphere Programme in August 1990. The primary data and understanding developed are in 

turn useful to provide inputs in formulating national and international policies, protocols and 

conventions on climate change adaptation and mitigation strategies. The generated map of 

this project is shown in figure (3.2). 

 

Figure 3.2: LULC Map (IGBP) 

C) Ground DATA 

The GPS points and location of different type of forest had been taken for validating 

the LULC map. In addition, the collected spectral signature of various species are 
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helpful to understand the response of each species in narrow band.  In the figure (3.3) 

the variability of class is shown which show a major difference in neighboring pixels 

of MODIS. The figure (3.4 & 3.5) showing the mixed forest class & Pine class. In the 

figure (3.6) the spectral signature of pine is collected which gives the information in 

the range of Nano meter.  

Figure 3.3: Land cover variability Figure 3.4: Mixed Forest 

Figure 3.5: Pine Forest Figure 3.6: Taking Spectral Signature of pine 
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4. METHODOLOGY 

In this chapter the whole workflow is briefly described. The research work focuses on three 

major aspects developing a frame work for large datasets, detecting the changes over 

Himalayan region & comparing the outcomes with thresholding model. The overall 

methodology can be divided into four parts. The first part comprises of data generation and 

the other three parts are based on sub objectives. Each part achieves a sub objective of this 

thesis. The overall methodology of the research study is shown in figure (4.1):- 

 

Figure 4.1: Method for achieving the objectives of the work 
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4.1.Database Generation 

MODIS 8 day composite reflectance data from date 1 January 2001 to 31 December 2014 

was downloaded and preprocessed (format conversion, Mosaic, Reproject and Subset) and 

then vegetation indices (EVI & NDVI) for the whole time period were generated as shown in 

figure (4.2). A total 4140 tiles of MODIS data were preprocessed and generated a series for 

the complete Himalayan Belt.  

 

 

Figure 4.2: NDVI & EVI datasets for a Period of 15 years 

4.2.Development of Framework 

One of the objective of the research was to develop a framework for processing time series 

data with a significant amount of automation. An attempt was made to develop an open source 

tool using R programming language for time series analysis. The overall approach used is 

shown in figure (4.3). The develop frame work used some existing methods & packages of R.  

The details of available packages used are as follows The raster package, helpful for importing 

a raster datasets & stacked images where date & timeSeries packages are supportive for 

generating the time series data structure. The rgdal package was helpful in dealing geographic 

data. sp, zoo, tiff, tseries, forech and bfast were also used. BFAST stands for Break For 

Additive Seasonal and Trend which is basically a decomposition model.  It is basically an 

iterative algorithm that decomposes the time series data into trend, seasonal and remainder 

components with methods for detecting and characterizing abrupt changes within the trend 

and seasonal components.  
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An additive decomposition model was used to iteratively fit a piecewise linear trend and a 

seasonal model, the general model is describe by equation (10):- 

Yt = St + Tt + et   (10) 

 

Figure 4.3: The Frame work & key concept of BFAST algorithm 

4.2.1. Concept of BFAST:  

Decomposition was used to iteratively fit a piecewise linear trend and a seasonal 

model. And can be expressed by equation (11): 

Yt = Tt + It  + St + et  (t = 1, . . . , n)    (11) 

where , Yt  = observed data at time t, 

Tt = trend component, 

 It = inter-annual variability component value, 

 St= seasonal component, 
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 et= remainder component 

The remainder component is the remaining variation in the data beyond that in the seasonal 

and trend components. It is assumed that Tt is piecewise linear with segment-specific slopes 

and intercepts on m + 1 different segments. Thus, there are m breakpoints τ1
∗, . . . , τm

∗ and 

trend component can be calculate with equation (12): 

Tt = αi + βit   (τi−1∗ 
 < t ≤ τi

∗)   (12) 

where i = 1, . . . , m & we define τ0
∗ = 0 and τm+1

∗
 = n. 

The intercept and slope of consecutive linear models, αi and βi, can be used to derive the 

magnitude and direction of the abrupt change and slope of the gradual change between 

detected break points. The magnitude of an abrupt change at a breakpoint is derived by the 

difference between Tt at τi−1∗ 
  and τi

∗ so the magnitude is expressed by equation (13): 

Magnitude = ( αi−1 – αi ) + ( βi−1 – βi ) t   (13) 

Where, βi−1 is the slope of gradual change before a break point and βi is the slope of gradual 

change after a break point. This is a simple way to illustrate changes in time series. Piecewise 

linear models which are a special case of non-linear regression models (Venables & Ripley, 

2002), are used to derive basic features of the data (Zeileis, Kleiber, Krämer, & Hornik, 2003). 

The seasonal component was made fixed between breakpoints, but it can also differ within 

breakpoints. In the trend component p seasonal breakpoints occur at different times among m 

breakpoints. After the trend value was estimated, the harmonic or dummy model was used to 

estimate the seasonal component. 

4.2.2. Harmonic Model 

 We employ a different parametrization of the seasonal component that proves to be more 

suitable and robust for phenological change detection with satellite image time series. Let the 

seasonal breakpoints be given by τ1
#, . . . , τp

# , and again define τ0
# = 0 and τp+1

#
 = n. Then 

suppose St is a harmonic model for τj−1# 
 < t ≤ τj

# (j = 1, . . . , p) and K the number of harmonic 

terms is expressed by equation (14):  

𝑆𝑡 = ∑ 𝑎𝑗,𝑘 sin (
2𝜋𝑘𝑡

𝑓
+ 𝛿𝑗,𝑘)

𝐾

𝑘=1
    (14) 

Where, the unknown parameters are the segment-specific amplitude aj,k and phase δj,k and f is 

the (known) frequency (e.g., f = 46 annual observations for a 8 day time series). While Eq. 
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(3) emphasizes the harmonic interpretation, Eq. (4) is a convenient transformation to a 

multiple linear harmonic regression model with coefficients γj,k = aj,k cos(δj,k) and θj,k = aj,k 

sin(δj,k) that can be easily estimated: 

 

𝑆𝑡 = ∑ 𝛾𝑗,𝑘  sin (
2𝜋𝑘𝑡

𝑓
) +

𝐾

𝑘=1
𝜃𝑗,𝑘  cos (

2𝜋𝑘𝑡

𝑓
)    (15) 

The amplitude and phase at frequency f /k are given by aj,k =( γj,k
2 + θj,k

2 )  and δj,k = tan−1 (θj,k/γj,k)  

respectively. 

4.2.3. Dummy Model 

The dummy model is based on the discret values. In this method the seasonal component is 

fixed between break points, but can vary across break points. Furthermore, the seasonal break 

points may occur at different times from the break points detected in the trend component. 

Let the seasonal break points be given by t #
1,…, t #

p, and define t#
0 = 0. Then for t#

i-1  < t ≤ t#
i 

, we assume that: 

Condition1: 

St = γi,j    if time t is in season i;     i = 1;…; s − 1;   (16) 

Condition 2: 

St = − ∑ γ𝑠−1
𝑖=1     if time t is in season 0   (17) 

Where, s = period of seasonality  

γi,j = effect of season i. 

Thus, the sum of the seasonal component, St across s successive times is exactly zero for t#
i-1  

< t ≤ t#
i. as expressed by equation (16 & 17) This prevents apparent changes in trend being 

induced by seasonal breaks happening in the middle of a seasonal cycle. The seasonal term 

can be re-expressed by equation (18): 

𝑆𝑡 = ∑ 𝛾(𝑑𝑡,𝑖 −  𝑑𝑡,0)
𝑠−1

𝑖=1
   (18) 

where dt,I =1 when t is in season i and 0 otherwise. Therefore, if t is in season 0, then dt,I − dt,0 

= −1. For all other seasons, dt,I − dt,0 = 1when t is in season i≠0. dt,i  is often referred to as a 
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seasonal dummy variable (Makridakis, Wheelwright, & Hyndman, 2008); it has two 

allowable values (0 and 1) to account for the seasons in a regression model. The regression 

model expressed by equation (18) can also be interpreted as a model without intercept t that 

contains s−1 seasonal dummy variables. On the bases of need and one method will be selected 

for estimating the seasonal component & coefficients. The procedure is iterative until the 

number and position of the breakpoints are unchanged. 

4.2.4. Iterative algorithm to detect break points 

The technique is similar to that proposed by (Haywood & Randall, 2008) for use with monthly 

tourism data. Following (Haywood & Randall, 2008), the estimation of trend and seasonal 

components can done using iteratively process. However, we differ from their method by: 

(1) Using STL to estimate the initial seasonal component Ŝt ; 

(2) Using a robust procedure when estimating the coefficients αj, βj and γi,j  

(3) Using a preliminary structural change test; and 4) forcing the seasonal coefficients to 

always sum to 0 (rather than adjusting them afterward).  

An alternative approach proposed by (Shao & Campbell, 2002) combines the seasonal and 

trend term in a piecewise linear regression model without iterative decomposition. This 

approach does not allow for an individual estimation of breakpoints in the seasonal and trend 

component. Sequential test methods for detecting break points (i.e. abrupt changes) in a time 

series have been developed, particularly within econometrics (Bai & Perron, 2003)(Zeileis et 

al., 2003). These methods also allow linear models to be fitted to sections of a time series, 

with break points at the times where the changes occur. The optimal position of these breaks 

can be determined by minimizing the residual sum of squares, and the optimal number of 

breaks can be determined by minimizing an information criterion. Bai and Perron argue that 

the Akaike Information Criterion usually overestimates the number of breaks, but that the 

Bayesian Information Criterion (BIC) (Bai & Perron, 2003) is a suitable selection procedure 

in many situations (Zeileis, 2005)(Zeileis, Leisch, Hornik, & Kleiber, 2001)(Zeileis & 

Kleiber, 2005)(Zeileis et al., 2003). Before fitting the piecewise linear models and estimating 

the breakpoints it is recommended to test whether breakpoints are occurring in the time series 

(Bai & Perron, 2003). The ordinary least squares (OLS) residuals-based MOving SUM 

(MOSUM) test, is selected to test for whether one or more breakpoints are occurring (Zeileis, 

2005). If the test indicates significant change (P<0.05), the break points are estimated using 

the method of Bai and Perron as implemented by Zeileis (Zeileis et al., 2001), where the 

number of breaks is determined by the BIC (Bai & Perron, 2003), and the date and confidence 

interval of the date for each break are estimated. 
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The iterative procedure begins with an estimate of Ŝt by using the STL method, where Ŝt is 

estimated by taking the mean of all seasonal sub-series (e.g. for a monthly time series the first 

sub-series contains the January values). Then it follows these steps. 

Step 1: If the OLS-MOSUM test indicates that breakpoints are occurring in the trend 

component, the number and position of the trend break points (t*1 ,…, t*m) are estimated 

from the seasonally adjusted data, Yt − Ŝt. 

Step 2: The trend coefficients, αi and βi for i = 1,…, m, are then computed using robust 

regression of Eq. (1) based on Mestimation (Venables & Ripley, 2002). The trend estimate is 

then set to T̂t = α̂i  + β̂i t  for t = t*
i-1 + 1 ,…, t*

i. 

Step 3: If the OLS-MOSUM test indicates that breakpoints are occurring in the seasonal 

component, the number and position of the seasonal break points (t#
1 ,…, t#

p) are estimated 

from the detrended data, Yt−T̂t. 

Step 4: The seasonal coefficients γi,k and θj,k are estimation (given the seasonal breakpoints) 

using a robust regression based on M-estimation. This yields the seasonal component based 

on harmonic model equation.  

The final output will be obtained when the number and position of the breakpoints are 

unchanged. the recommendations of Bai and Perron (Bai & Perron, 2003) and Zeileis (Zeileis 

et al., 2003) concerning the fraction of data needed between the breaks. For 8-day time series, 

we used a minimum of one year of data (i.e. 46 observations) between successive change 

detections, corresponding to 4% of a 15 year data span (2001–2014). This means that if two 

changes occur within a year, only the most significant change will be detected.  

4.2.5. New Functions for Frame work 

To increase the automation & compatibility in the existing algorithm new functions (methods) 

are added. 

 The first function was written for generating the raster time series object. This 

function links the geographic dataset with the text date file and generates a time series 

data structure which is an input variable to the algorithm. 

 The second function perform time series analysis using ASCII data. The function 

links the date file with the data ASCII file and then evaluates it.  
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 It is did difficult to estimate the breakpoints manually when working with large area 

hence  the one more method (function) was developed for estimates the trend on the 

complete image and generate output in the text file automatically.  

4.2.6. Parameter estimation for Himalayan Region 

The experimental work is carried out to determine the parameters for himalayan region. The 

minimal segment size between potentially detected breaks in the trend model (h parameter) 

and the best indices would be estimated. The model is applied on EVI & NDVI data series on 

different values of h parameter and analyze it. On the basis of reminder components & 

breakpoints the appropriate values are determined. 

4.3.Change Detection over Himalayan Region using decomposition model 

The aim of the second objective is to detect phonological or land cover changes over 

Himalayan belt. The developed framework is used for the same. Overall methodology adopted 

is given in Figure (4.4)  

 

Figure 4.4: Flow chart of change detection process 

4.3.1. Trend analysis is carried out on the datasets to detect changes 

Total 644 datasets (1 Jan 2001 to 31 Dec 2014) are analyzed.  In the series the EVI value  at 

time t can be expressed by equation(19) (Verbesselt, Zeileis, & Herold, 2012).: 

y𝑡 = 𝛼1 + 𝛼2𝑡 + ∑ 𝛾𝑗𝑠𝑖𝑛 (
2𝜋𝑗𝑡

𝑓
+ 𝛿𝑗) + 휀𝑡

𝑘

𝑗=1
   (19) 
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where , α1 = intercept 

α2= slope of the trend 

γ = amplitudes 

δ = phases of kth harmonic terms  

ε = residual error 

f = number of observation per year (i.e., 46 for 8day composite data)  

The Parameters α1 & α2 are estimated using Ordinary Least Squares (OLS) regression 

whereby the derived time series segments are considered as categorical interaction term with 

the trend slope α2. The significance of the trend in each segment is estimated from a t-test on 

the interaction parameter of the regression between time series segment and α2. The trend is 

estimated on each and every pixel of data series to detect break points to highlight regions 

where the gradual changes occurs. These regions are validated with the help of Google earth 

images and other ground information. 

4.3.2. Validation 

High resolution images of the regions were used for validation. In the present study two sets 

of images of LISS-III, Landsat-7 and Landsat-8, one recent (date) and for past (date) has been 

considered. LISSIII and Landsat-8 sub images corresponding to the pixel size of MODIS data 

or selected region of interest are processed to create a classified map with following classes: 

forest, non-forest and agriculture. The proportions of each land cover class within MODIS 

pixel (500m) or selected region are estimated for both past and current dates. Change in land 

cover proportions are estimated and compared with the trend analysis result. 

4.4.Comparison of BFAST Outputs with TIMESAT Outcomes 

The third objective was a comparison of BFAST results from thresholding outputs. The work 

flow of this objective is shown in figure (4.5). 

4.4.1. Data Generation for TIMESAT Model 

TIMESAT needs a sequence of indices (NDVI or EVI) covering a selected geographic region. 

The processed sequence of EVI datasets would be converted to headerless binary format 

images. The number of datasets needs to be identical for each year and each image should 
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represent the same time interval. Total 644 binary datasets were generated which were used 

for estimates the result. 

4.4.2. TIMESAT Algorithm 

TIMESAT includes three methods for processing which are based on least-squares fits to the 

upper envelope of the NDVI or EVI data. The first method is based on local polynomial 

functions in the fitting, and the method can classified as an adaptive Savitzky–Golay filter. 

The remaining two methods are ordinary least-squares methods, where data are fit to model 

functions of different complexity. All three processing methods use a preliminary definition 

of the seasonality (uni-modal or bi-modal) along with approximate timings of the growing 

seasons. The methods can be describe with basic definition of least-squares fits to an upper 

envelope. The overview of these methods processing is given and describe the information of 

seasonality extraction. 

 

Figure 4.5: Workflow of TIMESAT Algorithm 

A) Least-squares fitting 

Let us assume a time series which can be expressed by equation (20):- 
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(𝑡𝑖, 𝐼𝑖), 𝑖 = 1, 2, … , 𝑁   (20) 

And a model function f (t) can be expressed by equation (21): 

𝑓(𝑡) = 𝑐1𝜑1(𝑡) + 𝑐2𝜑2(𝑡) + ⋯ … . +𝑐𝑀𝜑𝑀(𝑡)   (21) 

Where 𝜑1(𝑡), 𝜑2(𝑡), 𝑐𝑀𝜑𝑀(𝑡) are the basic arbitrary functions. Then the best value of the 

parameters c1, c2, …. cM in the least square sense can be calculated by solving the simple 

equation (22:) 

𝐴𝑇𝐴𝑐 = 𝐴𝑇b   (22) 

where 

A𝑖𝑗 =
𝜑𝑗(𝑡𝑖)

𝜎𝑖
 , b𝑖 =

𝐼𝑗

𝜎𝑖
 

Here 𝜎𝑖  is the measurement uncertainty of the ith data point, presumed to be known. If the 

measurement uncertainties are not known they may all be set to the constant value𝜎 = 1. 

B) Determination of the number of seasons 

The high level of noise often makes it difficult to determine the number of annual seasons 

based on data for only one year. Including data from surrounding years reduces the risk for 

erroneous determinations. In TIMESAT, data values (ti , Ii), i = 1, 2, … , N for three years are 

fit to a model function which expressed vy equation (23): 

𝑓(𝑡) = c1 +  c2𝑡 + c3𝑡2 + c4 sin(𝜔𝑡) + c5 cos(𝜔𝑡) + c6 sin(2𝜔𝑡) + c7 cos(2𝜔𝑡) +

c8 sin(3𝜔𝑡) + c9 cos(3𝜔𝑡)   (23) 

where  𝜔 = 6𝜋/𝑁  

The first three basic functions determine the base level and inter annual trend whereas the 

three pairs of sine and cosine functions correspond to, respectively, one, two and three annual 

vegetational seasons. 

C) Savitzky–Golay filtering 

One way of smoothing data and suppressing disturbances is to use a filter, and replace each 

data value Ii , i = 1, …, N by a linear combination of nearby values in a window by equation 

(24) 
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∑ 𝑐𝑗𝐼𝑖+𝑗

𝑛

𝑗= −𝑛
   (24) 

In the simplest case, referred to as a moving average, the weights are  𝑐𝑗 = 1/(2𝑛 + 1)  and 

the data value Ii is replaced by the average of the values in the window. The moving average 

method preserves the area and mean position of a seasonal peak, but alters both the width and 

height. The latter properties can be preserved by approximating the underlying data value, not 

by the average in the window, but with the value obtained from a least-squares fit to a 

polynomial. For each data value Ii we fit a quadratic polynomial which is shown in equation 

(25):  

𝑓(𝑡) = 𝑐1 + 𝑐2𝑡 + 𝑐3𝑡2    (25) 

to all 2n +1 points in the moving window and replace the value Ii with the value of the 

polynomial at position ti. The procedure above is commonly referred to as an Savitzky–Golay 

filter (Vetterling, Teukolsky, & Press, 1992). To account for the negatively biased noise, the 

fitting is done in multiple steps as described in the previous section. The result is a smoothed 

curve adapted to the upper envelope of the NDVI values. 

D) Least-squares fits to a polynomial and harmonic basis 

In this least-squares method a combined polynomial and harmonic basis is expressed by 

equation (26): 

𝑓(𝑡) = c1 +  c2𝑡 + c3𝑡2 + c4 sin(𝜔𝑡) + c5 cos(𝜔𝑡) + c6 sin(2𝜔𝑡) + c7 cos(2𝜔𝑡) +

c8 sin(3𝜔𝑡) + c9 cos(3𝜔𝑡)   (26) 

where 𝜔 = 6𝜋/𝑁 is fit to a set of data points (ti, Ii), i =  n1,…, n2 in an interval around the 

central  peak (Menenti, Azzali, Verhoef, & Van Swol, 1993)(Sellers et al., 1994). The 

difference compared to the method for identifying the number of annual seasons is that we 

are now fitting in a smaller interval representing one year. The interval is between the minima 

to the left and to the right of the central peak. In order to improve the fit at the beginning and 

end of this interval it has shown useful to enlarge the fitting interval so that it comprises a 

little more than one year. As in the previous cases the fitting is done in steps to account for 

the negatively biased noise. In figure (4.6) a fit to the combined polynomial and harmonic 

basis is displayed along with the original data. 
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Figure 4.6: Fits of NDVI to a basis consisting of a second order polynomial together with harmonic functions representing 

one, two and three annual vegetation seasons. Thin solid line represents original NDVI data. Thick solid line shows fitted 

function. Fitting interval is between minima to left and to right of central peak(Jönsson & Eklundh, 2004) 

E) Least-squares fits to asymmetric Gaussian functions 

In the Gaussian method (Jonsson & Eklundh, 2002) local model functions are fit to data in 

intervals around maxima and minima. The local model functions have the general form as 

shown in equation (27) 

𝑓(𝑡) ≡ 𝑓(𝑡; 𝑐1, 𝑐2, 𝑎1, … . , 𝑎5) = 𝑐1 + 𝑐2𝑔(𝑡; 𝑎1, … . . , 𝑎5)   (27) 

Where g is a Gaussian type of function which can be explain with an equation (28) 

𝑔(𝑡; 𝑎1, … . , 𝑎5) = {
𝑒𝑥𝑝 [− (

𝑡−𝑎1

𝑎2
)

𝑎3

]       𝑖𝑓 𝑡 > 𝑎1,

𝑒𝑥𝑝 [− (
𝑎1− 𝑡

𝑎4
)

𝑎5

]        𝑖𝑓 𝑡 < 𝑎1

   (28) 

The linear parameters c1 and c2 determine the basis level and the amplitude. For the Gaussian 

function, a1 determines the position of the maximum or minimum with respect to the 

independent time variable t; while a2 and a3 determine the width and flatness (kurtosis) of the 

right function half. Similarly, a4 and a5 determine the width and flatness of the left half. The 

effects of varyingthe parameters a2,…, a5 are shown in figure 4.7. In order to ensure smooth 

shapes of the model functions, consistent with what is observed for NDVI data, the parameters 

a2,…, a5 are restricted in range. 
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Figure 4.7: Effect of parameter changes on local functions. In (a) parameter a2; which determines width of right function 

half, has been decreased (solid line) and increased (dashed line) compared to value of left half. In (b) parameter a3; which 

determines flatness of right function half, has been decreased (solid line) and increased (dashed line) compared to value 

of left half (Jönsson & Eklundh, 2004). 

For example, a2 and a5 are assumed to be larger than two in order to avoid a cusp at the 

matching point t = a1 of the Gaussian function. The local model functions are well suited for 

describing the shape of the scaled NDVI time-series in overlapping intervals around maxima 

and minima. Given a set of data points (ti ,Ii), I = n1,…., n2 in an interval around a maximum 

or a minimum, the parameters c1, c2 and a1,…, a5 are obtained by minimizing the merit 

function as shown in equation (29): 

χ2 = ∑ [
𝑓(𝑡;𝑐1,𝑐2,𝑎1,….,𝑎5)−𝐼𝑖

𝜎𝑖
]

2
𝑛

𝑘=0

   (29) 

The function depends non-linearly on the parameters a1,…, a5 and in TIMESAT the 

minimization is done using a quasi-Newton method (Dennis Jr, Gay, & Welsch, 1981)(Dennis 

Jr, Gay, & Walsh, 1981). Also in this case the fitting is done in steps to account for the 

negatively biased noise. 

F) Extraction of Phenological Parameters 

Seasonal data are extracted for each of the growing seasons of the central year (see Fig. 8). 

The beginning of a season, marked by (a) in the figure (4.8), is defined from the filtered or 

fitted functions as the point in time for which the value has increased by a certain number, 

currently set to 10% of the distance between the left minimum level and the maximum. The 

end of the season (b) is defined in a similar way. The mid of a season is difficult to define but 

a reasonable estimate is obtained as the position (e) between the positions (c) and (d) for 

which the value of the fitted function has increased to 90% of distance between, respectively, 
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the left and right minimum levels and the maximum. The amplitude (f) of the season is 

obtained as the difference between the peak value and the average of the left and right 

minimum values. 

 

Figure 4.8: Some of seasonality parameters computed in TIMESAT(Jönsson & Eklundh, 2004) 

The annual integrated NDVI is frequently used as a measure of net primary production 

(Running & Nemani, 1988)(Goward & Dye, 1987)(Ruimy, Saugier, & Dedieu, 1994). To 

give a good estimate of the production of the seasonally dominant vegetation type it is also of 

interest to compute the integrated NDVI over the growing season, i.e. between the start and 

end of the season. In TIMESAT there are two integrals over the growing season. The first 

integral (h), given by the area of the region between the fitted function and the average level 

of the left and right minima, represents the seasonally active vegetation, which may be fairly 

small for evergreen areas. The second integral (i), given by the area of the region between the 

fitted function and the zero level, represents the total vegetation production. In evergreen areas 

the first integral may be small even if the total vegetation production is large. 

The rate of increase in NDVI during the beginning of the season is theoretically related to the 

physiognomy of the vegetation and can be estimated by looking at the ratio between the 

amplitude and the time difference between the season start and the mid of the season. 

G) Comparison of TIMESAT outcomes with BFAST outputs 

The two models were applied on the same datasets. The first one was BFAST which is based 

on decomposition technique and another method is TIMESAT which was based on 

thresholding approach. The each method have different mathematics for estimation process. 

Here in the last step, the trend based comparison was done. 
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5. RESULTS 

This chapter deals with the results and analysis and highlight the outcomes of the research.   

The result is divided into 3 sections first highlights estimation of parameters for use in BFAST 

and their sensivity to NDVI and EVI, and extraction of seasonal and trend patterns from times 

series data. Second section highlights the results of change analysis and its validation.  Third 

section highlights comparisons of BFAST results with TIMESAT outputs.  

5.1.BFAST Parameters estimation 

Pixel of mixed forest (Long 79.29494283E & Lat 29.14656309N) was analyzed for NDVI 

time series data and EVI time series data to test the sensitivity by varying the value of h 

parameter in BFAST, which controls the potential number of trend breaks detected on abrupt 

change detection. Figure (5.1 a to n) highlights the result of varying h parameter with value 

ranging from 0.03 to 0.3 EVI and NDVI time series data. Both indices had different response 

over the time.  

 

(a) Decomposition of NDVI response at h = 0.03 

 

(b) Decomposition of EVI response at h = 0.03 

 

(c) Decomposition of NDVI response at h = 0.05 

 

(d) Decomposition of EVI response at h = 0.05 



Detection of Phenological Change and Greenwave Inflection over Himalaya Region using Decomposition Model 

46 

 

 

 

(e) Decomposition of NDVI response at h = 0.08 

 

(f) Decomposition of EVI response at h = 0.08 

 

 

(g) Decomposition of NDVI response at h =  0.1 

 

(h) Decomposition of EVI response at h = 0.1 

 

 

(i) Decomposition of NDVI response at h = 0.15 

 

(j) Decomposition of EVI response at h = 0.15 
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(k)  Decomposition of NDVI response at h = 0.2 
 

 

(l) Decomposition of EVI response at h = 0.2 

 

(m) Decomposition of NDVI response at h = 0.3 

 

(n) Decomposition of EVI response at h = 0.3 

Figure 5.1 :(a, b, c, d, e, f, g, h, i, j, k, l, m & n) shows the decomposition of grassland pixel at location Long 

79.29494283E & Lat 29.14656309N 

As observed from figure (5.1) the EVI gave better results as compared to NDVI. The NDVI 

time series   had large variations indicating the presence of noise whereas EVI data gave a 

better response. Hence for further analysis EVI indices are used.  

As observed decreasing the h parameter allowed more breaks to be detected in the same time 

series. This is expected, as a decrease in h parameter corresponds to a shorter run for trend 

components, causing an increased slope. The larger the gradient of the trend components, the 

larger the step changes between components are expected. 

Figure (5.1) also determine the confidence interval width (days) by measuring the distance of 

two breakpoints. The signal noise was also detected as a breakpoint for lower value of h 

parameter, whereas with the large value of h breakpoints were not detected.  
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Relation between h parameter and breakpoints is shown in table 5.1. The seasonal & trend 

breakpoints are directly proportional to the value of h. The h parameter is basically minimal 

segment size between potentially detected breaks in the trend model given as fraction relative 

to the sample size. At h = 0.03 the algorithm detected breakpoint for each year which is not 

significant due to the detection of non-significant. For this value three seasonal breakpoints 

are also detected which has no meaning because the season is almost linear over the complete 

period. As observed from figure the noise component is also changing with h parameter. The 

high value of h increase the error component which means the harmonic model does not 

properly fit with large values of h. Hence after analysis h = 0.1 is taken as an optimum value. 

Table 5.1: Detected breakpoints on different value of h parameters 

Parameter 

(h) 

NDVI EVI 

Seasonal 

Breakpoints 

Trend 

Breakpoints 

Seasonal 

Breakpoints 

Trend 

Breakpoints 

0.03 2 14 3 14 

0.05 0 10 4 13 

0.08 0 8 3 7 

0.1 0 6 3 5 

0.15 0 5 1 4 

0.2 0 1 1 2 

0.3 0 1 0 1 

So, for seasonal and trend analysis EVI time series with h parameter value of 0.1 is taken. 

Seasonal & Trend Analysis at pure pixel locations   corresponding to different forest classes. 

To understand the seasonal behaviors of different forest species pure pixels corresponding to 

the different forest classes in the region were decomposed to extract the seasonal and trend 

components. The spatial trend analysis was performed using 14 years data. 

BFAST Algorithm was applied on pure pixels of alpine, pine, sal, deodar and oak forest for 

understanding the EVI response over the time period of 14 years. Each forest has different 

greening (SOS to MOS) & browning (MOS to EOS) structure and different phenological 

parameters. Figure (5.2) represents the decomposition of pine pixel at location Long 

79.05485033E & Lat 30.03010349N (region). The result of decomposition of pine is shown 

in the figure (5.2) where Yt is the raw signal with a peak value of EVI (maxima of season) is 

0.6. The Yt signal was decomposed into seasonal components (St), trend components (Tt) and 

error components (et). Here, the seasonal graph of pure pine (figure 5.2) can be explained in 

two stages: - gradual increment (greening) and decrement (browning) with respect to time. 

The graph/figure showed that the browning period of pine was large in length as compared to 
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greening period. The trend component of this graph showed a very minimal decrease which 

is insignificant. The overall estimated error in this pixel was 0.05 which was represented by 

error component. 

 

Figure 5.2: Decomposition of 8-day NDVI time series (data) extracted from a single MODIS pixel for a pure pine forest 

(Long 79.05485033E, Lat 30.03010349N) 

In the figure (5.3) the EVI response of pure SAL forest at location Long 78.84837078E & Lat 

29.56432404N (which region NE, Uttrakhand) is shown.. The seasonal component of SAL 

(St) is sinusoidal which has almost equal length of greening & browning section.  

 

Figure 5.3: Decomposition of 8-day NDVI time series (data) extracted from a single MODIS pixel for a pure SAL forest 

(Long 78.84837078E, Lat 29.56432404N) 
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The trend component shows a slight decrement with time which is negligible. The value of 

trend component is almost near to 0.4 over the complete graph where the actual value (Yt) 

lies between 0.4 to 0.7 and St is evaluated by Yt – Tt graph. The start of season and end of 

season value was found to be approximately -0.1. The error component have also a periodic 

pattern as shown in figure (5.3). 

 

Figure 5.4: Decomposition of 8-day NDVI time series (data) extracted from a single MODIS pixel for a pure moist alpine 

forest (Long 75.46786838E, Lat 33.42020959N) 

The figure (5.4) represents the overall analysis of a pure moist alpine forest in Jammu & 

Kashmir at location Long 75.46786838E & Lat 33.42020959N. The overall analysis of alpine 

pixel was similar to the SAL pixel. Even the components of the Yt response contains the same 

properties of SAL. The only difference between these two decomposition graphs is that the 

alpine has linear straight i.e. no trend, whereas SAL has some slight decreasing trend in EVI. 

The figure (5.5) represents the overall analysis of a pure Deodar forest in Uttrakhand at 

location Long 79.13167993E & Lat 30.08292384N. The EVI response of deodar is zigzag 

over the whole time period. The deodar is found at altitude 2500 meter and above where 

generally the areas are covered with snow for one to two months in winters. The deodar forest 

shows two peaks in the annual phenological cycle due to leaf flush in May and reproductive 

flush in september... The overall response of deodar is linear but contain an error of 0.2 over 

the time. 
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Figure 5.5: Decomposition of 8-day NDVI time series (data) extracted from a single MODIS pixel for a pure deodar forest 

(Long 79.13167993E, Lat 30.08292384N) 

The decomposition of pure oak forest pixel in shown figure (5.6) at location Long 79.20545E, 

Lat 30.59848N (Uttrakhand). The EVI response of an oak was similar to the combination of 

deodar & SAL. It was partially zigzag but contains some periodicity. The algorithm 

decomposed the signal Yt and generate seasonal, trend and error components. It showed a 

slight decreasing trend which is insignifcant. The error component of oak was similar to pine, 

deodar and alpine.  

 

Figure 5.6: Decomposition of 8-day NDVI time series (data) extracted from a single MODIS pixel for pure oak forest 

(Long 79.20545E, Lat 30.59848N) 
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Figure 5.7: Trend Analysis of Himalayan Region 
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5.2.Trends in phenological patterns from EVI using decomposition model 

The BFAST algorithm was applied to all pixels in the Himalayan region to determine the 

phenological variability across various gradients. The observed trend slope for the pixels are 

shown in figure (5.7). The overall slope of each pixel was different which was classified into 

six categories. White color indicating no change, green indicates the positive non-significant 

change. The pixel of this class has an increment in indices in between 0 to 3 % from 2001 to 

2014 time period. This change was very minute which may be due to the sensor error or any 

other ground factor. Dark green color shows the increment of EVI values. The fourth class 

was negative non-significant which represented the decrement of EVI value in between 0 to 

-3% represented with blue color. The fifth class was towards more negative side which 

includes the pixels with value in between -3 to -5% and represented with pink color. Highly 

negative significant class which represented maximum change over Himalayan hills and had 

a value more than -5 and is represented with red color.  

5.2.1. Analysis of Pixels showing significant change 

The pixels with significant trend pattern were further investigated to study the reasons for 

change observed in EVI values. Set of pixels from 3 regions of Himalayan region where the 

significant changes were identified from 2001 to 2014 were chosen. In figure (5.8) geographic 

location of first test location at 97.09540078E 28.35905969N in Arunachal Pradesh state at 

the indo-china border. 

 

Figure 5.8: Geographic location of first region on state map 
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In this region total 10 neighboring pixels showing the changes in indices was considered. This 

patch covers 2.5 km2 area on ground. The available datasets of past & present time using 

Google earth images was visually interpreted and changes were observed in this region. The 

location represents a forest area which has degraded (check) with time.  

Figure (5.9) highlights the trend variation in the EVI value over 15 years. The decomposition 

algorithm was applied on this area for estimating the Seasonal, Trend and Remainder 

component figure (5.9). it had been observed that the decomposition of Yt had two trend 

component and a breakpoint between them.  The first component ranges from 2001 to 2009 

and the second one from 2009 to 2014. The former component had a slope of 0.0003908148, 

whereas the second one had a slope of 0.0111114624 which is higher as compared to first In 

between these components the breakpoint was observed on 2 February 2009. The graph for 

seasonal component had a periodic variation with two peaks in each period suggesting 

presence of multiple land cover classes the error component derived from overall analysis had 

a range of values from 0.1 to -0.2. The error component had large distortion with first trend 

component, whereas the second component had lesser error. 

 

 

Figure 5.9: Detected changes in the trend component of 8-day NDVI time series (data) extracted from a MODIS data for 

a forest (Long 97.09540078E, Lat 28.35905969N 
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Figure 5.10: Comparison of LISS-III data (18 may 2006) & Landsat 8 data (4 may 2014) for 2.5 km2 area (Long 

97.09540078E, Lat 28.35905969N) 

The figure (5.10) represents EVI time series data of an area in Arunachal Pradesh.  Total 644 

datasets were evaluated with the periodicity of 1 year (46 images per year). The two high 

resolution datasets LISS III and Landsat-8 images were taken at different dates (2006 and 

2014) for validation. Visual interpretation highlighted the presence of only two classes: soil 

and vegetation. So each image was classified into these two categories: vegetation and non-

vegetation. In the dataset of May 2006, the vegetation class covers the 83.58% area and the 

remaining 16.42% was covered by non-vegetation. The image of May 2014 showed the 

68.78% area of vegetation and remaining 31.22% non-vegetation. The vegetation class 

basically showed the presence of trees & grassland and the non-vegetation class pixels 

represented purely soil area. 

The geographic location of second region is 75.78959233E 32.43102849N in Himachal 

Pradesh is shown in figure (5.11). A total of 18 neighboring pixels were found where the 

changes have been observed. The pixels of this area have mixed land cover classes. The 

classes present are grassland, degraded forest and water bodies covering 4.5 km2 area on 

ground. The decomposition of this land is shown in the figure (5.12) with the help of Yt, St, 

Tt and et signal. 
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Figure 5.11: Geographic location of second region on state map 

 

Figure 5.12: Detected changes in the trend component of 8-day NDVI time series (data) extracted from a MODIS data 

for a forest (Long 75.78959233E, Lat 32.43102849N) 

Figure (5.12) highlights the trend variation in the EVI value over 14 years. The decomposition 

algorithm was applied on this area for estimating the Seasonal, Trend and Remainder 

component figure (5.12). It had been observed that the decomposition of Yt had single trend 

component which had a negative slope -0.000069. The graph for seasonal component had a 

semi-periodic variation with two peaks in each period suggesting presence of multiple land 
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cover classes. The error component derived from overall analysis had a range of values from 

0.1 to -0.1 and had a periodic pattern. 

Classified LISS III and Landsat images are shown in figure (5.13) The images was classified 

into three classes Forest, Agriculture and non-vegetation class. In the dataset of April 2004 

forest class covered 26% area, agriculture class 23% and remaining 51% area covered non-

vegetation class comprising of water-body and wetland. In the April 2014 image the forest 

class covered 15% area, agriculture covered 12% and non-vegetation class covered 73% area. 

The comparison of these two images showed that the overall area of forest & agriculture land 

has decreased which was highlighted in the trend component figure (5.12). 

 

Figure 5.13 Comparison of LISS-III data (28 April 2004) & Landsat 8 data (25 April 2014) for 4.5 km2 area (Long 

75.78959233E, Lat 32.43102849N) 

The third location in Uttrakhand state at 79.29014098E 29.14656309N as shown in the figure 

(5.14) was also tested for reasons for significant trend pattern.  A total 12 neighboring pixels 

were found which showed the changes in indices graph. This patch covers 3km2 area on 

ground.  
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Figure 5.14: Geographic location of third region on state map 

The decomposition results showed seasonal & trend variations. The decomposition of EVI 

value Yt is shown in figure (5.15). The seasonal graph represents four components and three 

breakpoints.  

 

Figure 5.15: Detected changes in the trend component of 8-day NDVI time series (data) extracted from a MODIS data 

for a forest (Long 79.29014098E, Lat 29.14656309N) 

The first seasonal component ranges from 2001 to 2003, second one from 2003 to 2007, third 

component from 2007 to 2012 and the fourth one from 2012 to 2014. In each component the 
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maxima, greening pattern & browning pattern were different and indicated that the vegetation 

type has changed with respect to time. In between these seasonal components, three 

breakpoint were observed on 9 May 2003, 4 July 2007 and 9 June 2012. The trend graph 

represented three components and two break points. The first component ranges from January 

2001 to August 2003, second one from August 2003 to May 2012 and the third one from May 

2012 to December 2014. The former trend component had a slope of 0.074928039 and 

showed a large increment, the second component had a slope of -0.004582932 which 

represented a small decrement and the third one had a slope of -0.023509814 which 

represented a large decrement as compared to second one. In between these trend components 

two breakpoint were observed on 13 August 2003 & 16 May 2012. The error component 

derived from overall analysis had a range of values from 0.1 to -0.3. 

 

Figure 5.16: Comparison of Landsat 7 data (2 June 2002) & Landsat 8 data (9 May 2014) for 3 km2 area (Long 

79.29014098E, Lat 29.14656309N) 

The Landsat 7 image of 2 June 2002 and Landsat 8 image of 9 May 2014 were classified into 

three classes: forest, agriculture and non-vegetation class. Classification results of the pixels 

of this region is shown in figure (5.16). In the Landsat 7 dataset the forest class covered the 

23% area, agriculture class covered 25% area and the remaining 52% covered non-vegetation 
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class (majorly water-bodies and wetland area). The Landsat-8 image of 9 May 2014 image 

showed 16% area in forest class, 20% in agriculture and remaining 64% in non-vegetation 

class. The analysis of Figure (5.16) showed that the water bodies are expanding with the time 

period. 

5.3.TIMESAT Analysis: 

The TIMESAT algorithm was applied on EVI time series datasets and variation was found 

over spatial & temporal gradients. The algorithm is based on thresholding approach as 

described in the section (5.3.1). The total 14 years data had been taken with a frequency of 46 

datasets per year. Each data sets had Total 12011946 pixels (=2347 rows * 5118 columns).  

In figure (5.17) the processed area was classified into two categories. The red area showed 

the pixels where EVI values have changed with time. The white area showed non-vegetation 

area which had almost same EVI response for a whole time period. The white area included 

water bodies, settlement area, cemented land and soil and the red area included agriculture, 

grassland and forest region.  

 

Figure 5.17: Classification of seasonal & non-seasonal pixels 
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In figure (5.18) the area was divided into two classes: white and black. The white pixels 

showed the area where the secondary seasons are found within the single year. Only a few 

scattered pixels were found which were basically either indicating the multispecies (each 

specie had different date of SOS, POS & MOS) or the presence of noise on these locations. 

 

Figure 5.18: Classification of single & multi season 

The figure (5.19) shows the seasonality parameter for the first season identified within the 

time- interval specified. The blue pixels showed no seasonality pixels which had same 

location as shown in figure 1 by white pixels. The yellow, orange and red pixels indicates 

different dates of start of season. In the eastern Himalaya (Arunachal Pradesh) of the India 

the mostly pixels are representing with red and orange pixels. The season begins around date 

80 (i.e. 80 - 46= 34, meaning about day 272), whereas in the western Himalaya it began around 

date 60 (i.e. 60 – 46= 14, or about day 112). The mostly pixels in western Himalaya were 

represented with orange and yellow color.  
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5.3.1. Temporal Analysis using TIMESAT in change pixels 

The TIMESAT algorithm was applied on the same location of section (5.3.1.). The 

thresholding algorithm included three approaches: Asymmetric Gaussian Function, Logistic 

and Savitzy-Golay for smoothening process. The Savitzy-Golay had observed best fitted 

function so here we estimated the phenological parameters on selected locations using 

Savitzy-golay smoothing filter. The fitted Savitzy-Golay function were represented with 

brown color in figure (5.20) where the actual input (EVI response) was represented with blue 

color 

 

Figure 5.19: SOS time of first season in time series DATA (1st cycle) 
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(a): Arunachal Pradesh (Long 97.09540078E, Lat 28.35905969N) 

 

(b):Himachal Pradesh region (Long 75.78959233E, Lat 32.43102849N) 

 

(c):Uttrakhand region (Long 79.29014098E, Lat 29.14656309N) 

Figure 5.20(a,b & c): Time-Series EVI DATA Smoothing using Savistzky-Golay Algorithm 

The phenological parameters were estimated with the help of this function which were useful 

in observing the overall trend on this locations. The thresholding method was applied with 

taking a parameters start = 0.2, end = 0.2, no of season per year = 1, spike method = 0 (none), 
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adaptation strength = 2, no of envelope iterations = 1 & Savitzy-Golay window size =3. The 

table 1, 2, 3 showed the estimated parameters of first (Long 97.09540078E, Lat 

28.35905969N), second (Long 75.78959233E, Lat 32.43102849N) and third (Long 

79.29014098E, Lat 29.14656309N) location. The each table gives the complete details of 

fitted function.  

Table 5.2: Phenological parameters for location (Long 97.09540078E, Lat 28.35905969N) 

Season SOS EOS LOS 

Base  

Value 

Peak  

Time 

Peak  

Value Amp. L.deriv R.deriv. L.integral S.integral 

1 17.76 47.91 30.15 0.1616 26.41 0.4068 0.2453 0.04813 0.009496 9.808 4.637 

2 72.11 84.06 11.95 0.1823 75.8 0.4035 0.2211 0.06905 0.01736 4.106 1.553 

3 108.2 134.7 26.5 0.1769 121.7 0.4275 0.2505 0.01245 0.01685 8.853 3.898 

4 152.9 191.6 38.69 0.1475 163.7 0.3433 0.1957 0.03114 0.005582 10.26 4.214 

5 200.3 234.5 34.19 0.1707 214.6 0.3779 0.2072 0.02141 0.00927 10.41 4.269 

6 248.7 269.4 20.72 0.1926 253.9 0.4296 0.237 0.05032 0.01086 7.486 3.057 

7 284.3 331 46.7 0.1615 300.2 0.4131 0.2517 0.012 0.006583 14.45 6.535 

8 352.1 374.6 22.5 0.1098 356.1 0.4036 0.2938 0.06367 0.01101 6.384 3.75 

9 378.2 426 47.77 0.04948 395.3 0.1988 0.1494 0.009321 0.005568 6.906 4.482 

10 430.8 458.9 28.13 0.05284 442.7 0.2805 0.2276 0.04248 0.01343 6.166 4.58 

11 474.5 506 31.58 0.09777 483.5 0.3689 0.2711 0.02118 0.007647 7.41 4.086 

12 522.6 546 23.4 0.1051 535.2 0.3133 0.2083 0.01172 0.01327 5.434 2.807 

13 567.1 593.6 26.51 0.1166 579.7 0.2716 0.155 0.01976 0.01484 6.283 3.018 

Table 5.3: Phenological parameters for location (Long 75.78959233E, Lat 32.43102849N) 

Season SOS EOS LOS 

Base  

Value 

Peak  

Time 

Peak  

Value Amp. L.deriv R.deriv. L.integral S.integral 

1 23.77 29.62 5.851 0.06232 26.75 0.3638 0.3015 0.01379 0.07162 2.138 1.64 

2 70.15 79.78 9.628 0.06343 76.4 0.3402 0.2768 0.02755 0.02377 2.916 2.219 

3 113.9 125.7 11.88 0.05629 120.2 0.2363 0.18 0.007531 0.0298 2.711 1.923 

4 161.1 178.5 17.39 0.06957 166.4 0.2428 0.1732 0.01546 0.008783 3.887 2.565 

5 210.4 218.4 7.991 0.04535 215.9 0.2272 0.1818 0.01381 0.05896 1.704 1.251 

6 253.9 259.7 5.767 -7.77E-05 256.8 0.2261 0.2261 0.005938 0.009273 1.297 1.297 

7 297 315.2 18.14 0.00783 297.4 0.1942 0.1863 0.01538 0.01135 2.936 2.779 

8 343.3 352.2 8.903 0.01811 348.4 0.2114 0.1933 0.02612 0.009203 1.73 1.531 

9 394.4 400 5.567 0.0278 396.8 0.3306 0.3028 0.07047 0.02981 1.691 1.497 

10 438.3 445.5 7.264 -0.00692 441.8 0.2554 0.2623 0.04029 0.02136 1.594 1.656 

11 481.3 489.5 8.132 -0.02691 476.2 0.2659 0.2928 0.07481 0.03164 1.706 1.975 

12 529.6 539.1 9.525 0.01307 536.5 0.2032 0.1902 0.004295 0.05097 1.677 1.52 

13 574.2 581.5 7.322 0.01999 577.8 0.2898 0.2698 0.05288 0.06489 2.017 1.838 
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Table 5.4: Phenological parameters for location (Long 79.29014098E, Lat 29.14656309N 

Season SOS EOS LOS 

Base  

Value 

Peak  

Time 

Peak  

Value Amp. L.deriv R.deriv. L.integral S.integral 

1 69.14 74.58 5.442 -0.009356 74.64 0.1513 0.1607 0.01079 0.03816 0.7525 0.818 

2 111.2 120.8 9.57 -0.02574 117.3 0.606 0.6317 0.02434 0.1659 4.775 5.059 

3 158.3 169 10.66 -0.06206 163.5 0.3345 0.3966 0.07421 0.07118 2.836 3.642 

4 205.8 212.4 6.602 -0.05899 209.5 0.3732 0.4322 0.0497 0.07945 2.163 2.694 

5 254.3 259.8 5.434 -0.08754 257.6 0.3817 0.4692 0.03155 0.1547 1.689 2.302 

6 295.7 302.7 6.986 -9.62E-02 299.3 0.3907 0.4869 0.01451 0.1008 2.261 3.127 

7 345.9 352.1 6.258 -0.04224 349.4 0.09112 0.1334 0.003296 0.008098 0.4122 0.7924 

8 391.5 397.1 5.62 -0.02859 394.1 0.1071 0.1357 0.003594 0.03011 0.4896 0.7183 

9 442.7 447.6 4.907 -0.03611 445.3 0.1922 0.2283 0.05744 0.03667 0.765 1.018 

10 479.3 489.1 9.736 -0.04723 485.6 0.1499 0.1971 0.005867 0.04157 1.111 1.678 

11 527.2 536.6 9.446 -0.0451 532.5 0.3071 0.3522 0.02467 0.05389 2.419 2.915 

12 569.8 580 10.18 -0.03893 573.8 0.3108 0.3497 0.04791 0.03076 2.607 3.074 

13 618.5 623.2 4.697 -0.04737 621.3 0.3899 0.4373 0.05955 0.1351 1.579 1.91 

The columns in table 5.2, 5.3 & 5.4  represents from left to right, no of seasons, start of season, 

end of season, length of season, base value of season, peak time of season, peak value, reached 

amplitude in season, left derivative (greening), right derivative (browning), integral of 

greening and integral of browning. The base value was basically a minimum value for a 

season. In a single periodic year 46 indices (EVI) values were obtained from the input dataset. 

These values helped in estimating the base value for further Trend analysis. The estimated 

base values are mentioned in table 5.3.  

Comparision of extracted Trends from BFAST & TIMESAT: 

The estimated trend from the BFAST algorithm was compared with the TIMESAT outputs. 

The trend analysis of decomposition model & thresholding method is shown in the figure 

(5.21).The first location is an Arunachal Pradesh region which is divided into two 

components. In figure (5.21a), the first component is towards positive, whereas the second 

one is negative. The TIMESAT analysis on this pixel indicated a decrement from season 1 to 

season 9 after that it had shown a gradual increment. The overall pattern of TIMESAT was 

similar but it was not able to determine breakpoints. The figure (5.21c & 5.21d) showed a 

derived trend components for location Long 75.78959233E, Lat 32.43102849N. The both 

pattern represent similar pattern. The figure (5.21e & 5.21f) showed a derived trend 

components for location Long 79.29014098E & Lat 29.14656309N . The figure (5.21e) 

determined three components and two breakpoints and the figure (5.21f) had no significance. 

The EVI response of this location was so much varying with the respect of time so the each 

algorithm was not able to find out a proper pattern and formulated different results 
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Figure 5.21: Comparison of estimated Trend from BFAST & TIMESAT 

  

 

(a) Trend of First location  estimated from BFAST 

 

(b) Trend of First location estimated from TIMESAT 

 

 

(c) Trend of Second location estimated from BFAST 

 

(d) Trend of Second location estimated from TIMESAT 

 

 

(e) Trend of Third location estimated from BFAST 

 

(f) Trend of Third location estimated from TIMESAT 

 

Figure 5.21 

Figure 5.22: 

Figure 5.23 
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6.  DISCUSSION 

In this chapter the overall results have been discussed with the comparative study of other 

works. The focus of this work is in the direction of parameter estimation, spatial analysis of 

phenological trend over Himalayan region, the detailed analysis of significant changed area 

and in last the efficiency of BFAST (decomposition model) was compared with that of 

TIMESAT algorithm (thresholding method).  

6.1.Effect of h parameter & Indices on Breakpoint detection 

The results suggested that the varying the value of h parameter changed the no of breakpoints, 

position of breakpoints and the slopes of trend component. The sensitivity of BFAST 

algorithm (Verbesselt, Hyndman, Zeileis, et al., 2010) was evaluated by Watts on MODIS 

satellite data which shows the effect of h parameter value on breakpoint of seasonal & trend 

components (L M watts & S W laffan, 2013). It was also observed that the no of breakpoints 

were greater for EVI as compared to NDVI. The difference between these two indices is that 

EVI contains blue band, whereas NDVI includes red and infrared bands. Apart from the 

narrower confidence intervals for NDVI, these results do not necessarily suggest an advantage 

of using one index over the other, but simply that break detection by BFAST is somewhat 

dependent on the index used. The EVI reduces the effect of atmospheric particles as described 

by (P.-Y. Chen, Fedosejevs, Tiscareno-Lopez, & Arnold, 2006) and the results of this work 

also explains the same scenario. The NDVI response is uncertain as compared to EVI. The 

effect of h parameter was evaluated with experimental work.  

The small confidence intervals for breakpoints were detected using small values of h. It 

indicates that breakpoints were detected with greater certainty but with the very narrow 

confidence interval. It was observed that noise of indices were also detected as breakpoints 

which was insignificant. The value of h= 0.03, 0.05, 0.08, 0.1, 0.15, 0.2 & 0.3 were tested and 

analyzed with the help of error components & breakpoint. The optimum value of h was 

observed as 0.1 with this study. 

6.2.Evaluation of Trend Slopes & their Significance 

The algorithm was applied on Himalayan region and overall trends were determined. In 

developing countries due to higher population pressure there is a significant change in the 

land use and land cover. Another factor is the human induced climate change which affect the 

phenology of the species which constitute the natural vegetation in the Himalayas. In the 

Uttrakhand region the significant changes have been observed in the LULC using landscape 
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approach during 1976 to (Munsi, Malaviya, Oinam, & Joshi, 2010). In typical micro 

watershed of central Himalaya the changes were detected from 1967 to 1997 (Wakeel, Rao, 

Maikhuri, & Saxena, 2005).  

The spatial analysis of the study area (figure 5.7) showed positive & negative trend on selected 

regions of Himalayan belt. The area where the changes occurs in between -3 to +3 percent 

were categorized as insignificant in this study. Here it was assumed that these small changes 

were observed due to signal noise or the sensor error. The changes which were estimated 

above ±3 % were categorized as a positive & negative significant change. The positive trend 

indicates that the health of vegetation has improved. The changes which has occurred in the 

pure forest areas have been taken up for further investigation. The negative trend indicated 

the degradation of forest. It was categorized into two categories: significant & highly 

significant. The significant trend had values in between -3 to -5% which showed some events 

like forest fire & LULC change. The time period of 14 years was not sufficient to evaluate 

them properly where the highly negative significant trend were evaluated in detailed. The all 

pixels which had a value more than -5% were included in this class. The three small regions 

of Himalaya were taken for detailed study. The each of this area showed the negative trend 

and were evaluated with the help of high resolution datasets. 

The three locations of Himalayan region were taken which were totally different to each other 

in the prospect of geometric gradients (longitude, latitude & altitude). The first location of 

Arunachal Pradesh contained a forest region. This region was degraded with the respect of 

time. Here two datasets of past (May 2006) and present (May 2014) time were taken and 

classified into forest and non-forest region. The results of section (5.3.1) showed the 

degradation of forest. The classified image of May 2006 showed the 83.58% vegetation region 

& 16.42% non-vegetation. In the last 8 years, this vegetation region got decreased with an 

amount of 15 %. The second location where the changes were determined was covered under 

Himachal Pradesh state. This region included the Greenland, agriculture, forest and water 

bodies. The overall phenological graph of these pixels was changed. The analysis of high 

resolution datasets showed that the EVI response of this area included the response of 

agriculture area, Greenland, forest and water bodies. The water bodies showed a negative 

value in EVI & NDVI indices. The forest had a large values as compared to agricultural land 

in these index. The Greenland & agricultural land had almost same response in indices graph 

so here these pixels area were taken in the same class.  The comparison of April 2004 & April 

2014 showed that in the last 10 years forest land was converted into agriculture land which 

changed the response of this area in MODIS pixel. The third detailed analysis was done in the 

region of Uttrakhand. This area also contains some amount of water body. In the image of 

Landsat-7 of June 2002, the forest class covers 23% forest area, 25% agriculture area and 

remaining 52% non-vegetation. In next 12 years this ratio will change and new percentage of 
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these classes are 16% forest, 20% agriculture and 64% non-vegetated areas. Here the focus is 

that both type of vegetation would decreased and area of non-vegetated class would increase. 

The non-vegetation class is mostly water pixels which had negative response over the period. 

So due to the expansion of these classes the overall EVI response of these pixels decreased. 

During the time period of 2008 to 2011, the overall values of EVI graph were different. The 

visual interpretation using Google earth showed that, the water level of present lake will 

increase which was reflected on graph.   

6.3.Advantages & Limitations of BFAST & TIMESAT 

The BFAST model works on actual signal, whereas the TIMESAT works on altered signal. It 

contain the harmonic model which fits the input signal in harmonic equation. Many times the 

signal does not properly fit (oak). In this case the noise component also showed a periodic 

pattern. So if the results are not appropriate then we can cross check it with the analysis. But 

it had some limitations. It is a basic model of harmonic equations. the trend component of this 

technique is estimated with the help of Yt (input signal) – St (seasonal component) 

(Verbesselt, Hyndman, Zeileis, et al., 2010). The error component is just a difference between 

input signal and summation of seasonal & trend component. The BFAST was unable to 

analyze each generation of species (single lifecycle). 

On the other hand TIMESAT is basically a thresholding based approach which offers three 

types of smoothing curves : logistic, Gaussian & Savitzy-Golay (Jönsson & Eklundh, 2004). 

The algorithm is efficient to evaluate each and every generation of species but it was a lengthy 

process in estimating the Trend from this algorithm. 

The three regions were evaluated with both the algorithms. The trend graph of these areas 

are shown in figure (5.21). The figure 5.21(a, b & c) shows the output of BFAST. The trend 

components are linear which are derived from decomposition model. The each trend 

component had a single slope value which represents the nature of EVI signal for particular 

time period. The breakpoints were detected when the characteristic of input graph were 

changed. TIMESAT was unable to detect breakpoints.  Hence, the derived trend from this 

thresholding approach is nonlinear and slope value was changed at each value along with the 

nature of EVI time series signal  
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7. CONCLUSION & RECOMMENDATION 

7.1.Conclusion 

This research work concludes important aspects of Phenological change and decomposition 

model. In this work frame work was developed for large area datasets. The following 

deductions were drawn from the present study: 

 The BFAST algorithm was able to detect significant Seasonal & Trend components 

with breakpoints on 500meter pixel of MODIS data. The new frame work was 

developed in R (Statistical Computing language) using the key concepts of BFAST 

which was highly efficient for multipixel analysis. The slope value the negative & 

positive trend can be estimated and represented on maps. 

 

 The timing and number of breakpoints detected by BFAST are sensitive to the h 

parameter. The experimental study was carried out to determine the appropriate value 

of indices & h parameter. EVI indices & 0.1 value of h parameter was found as best 

for MODIS data in times series analysis of Himalayan region. 

 

 The decomposition of pure pixels was helpful to understand the efficiency of BFAST 

harmonic model. The decomposition model was applied on periodic signal (Pine, 

SAL & Alpine), semi periodic signal (Oak) and non-periodic signal (Deodar). It was 

found that the harmonic equation of this model was accurately fitted on periodic 

signal where the semi or non-periodic signal were not able to represent proper 

seasonal component.  

 

 The high resolution datasets were used for evaluating the highly significant changes. 

The LISS-3 (past image) and Landsat-8 (present image) would be classified in the 

classes: forest, agriculture and non-vegetation. The changing ratio of these classes in 

between past and present time explains the reason of negative trend & phenological 

changes. 

 

 The comparison of BFAST & TIMESAT showed the limitation and advantages of 

thresholding & decomposition method. The BFAST is relatively fast approach for 

detecting the overall trend. TIMESAT is able to extract phenological parameters for 

each and every cycle. BFAST is written in R programming language and the source 

code of this algorithm is available on website. The user can enhance & modified the 

algorithm according to their work where the TIMESAT was written in MATLAB 

http://www.r-project.org/
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which is proprietary software. The all codes of TIMESAT were encrypted in p files 

which has a limitation for further modification. 

7.2.Recommendation 

There are few recommendations and these are as follows - 

 Further research is needed to better understand the effects of the h parameter on the 

detection of breaks, and whether the optimal parameter for use varies spatially or 

temporaly. 

 

 Inclusion of  precipitation & wind temperature data can enhance the  understanding 

of  the phenologocial  varaiability 

 

 30 years data would be taken for large area studies.  
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