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Abstract 

Biophysical characterisation and phenological analysis in heterogeneous forests is a challenging effort due to highly 

complex and biodiverse tropical forest ecosystems. Apart from the traditional and multispectral remote sensing technologies like 

Landsat imageries, MODIS etc, high resolution Sentinel imagery can contribute significantly in understanding the tropical forest 

ecosystems phenology, global carbon cycle, productivity of the forests and carbon budgets.  Here we propose a methodological 

approach by the integration of space borne LiDAR data with the Sentinel -2 imagery for the accurate estimation of the biophysical 

parameters and understanding the phenological patterns in the Western Ghats of India. The structural parameters estimated from the 

LiDAR data and the spectral parameters from the Sentinel-2 imagery are integrated, and the resultant obtained is processed by 

means of nonparametric regression-based Support vector machine algorithm. The results obtained are validated and are found to 

have strong correlation with ground measurements. Additional vegetation parameters because of the spectral enrichment and dense 

time series Sentinel-2 imagery contribute in understanding significant information of forests including degradation, health status 

and the complex ecosystems. The study also has the advantage of understanding the understory vegetation conditions of the forests 

ecosystem which contribute an important help for forests management and practices. 

Keywords: ICESat, GLAS, LiDAR, Sentinel-2, Support Vector Machine method, Phenology, Biomass, Biophysical 

parameters. 

1. INTRODUCTION 

                           Phenology is the study of periodicity or timing of biological events which involves flowering, fruiting leaf lushing 

and germination which has important effect on survival, reproductive success (Leith, 1974; Van Schaik et al, 1993). Tropical forest 

characterised by high diversity may cause constraints to phenological events in many ways (Newstorm et al, 1994, Janzen, 1978). 

In tropical forest plants reproduce once in a year and it is substantial to understand the hierarchical aspects of phenological events. 

(Newstorm et al, 1994). Trees can overcome the soil moisture stress during dry period by developing deep tap roots which can 

extract ground water (Murali and Sukumar, 1993). Trees can also store water in their conductive tissues for further use during early 

leaf flushing phase and retaining sufficient moisture (Bullock and Solis-Magallanes, 1990; Brochert 1994) and the trees flushes 

before the onset of rain, so that leaves can expand rapidly during rainy season. Also, there is adaptation by reducing Leaf Area 

Index(LAI), when soil moisture is low (Maherali et al, 2004). Ecophysiological observations are needed to understand the 

phenological variations of tree species with respect to the availability of rain as well as to model the future climate change in the 

case of tropical forest ecosystem of India. The periodic change in rainfall play a significant correlation with tropical plant phenology 

(Van Schaik et al, 1993; Reich and Borchert, 1984). In contrast to the temperate forest plants often flower without any regularity 

and order which are internally regulate (Reich 1995). Phenological studies are substantial for understanding the forest ecosystems 

in order to elucidate the seasonal patterns of the events. Several studies are done to understand the phenological patterns and its 

significance in forests. Phenological events in the case of trees have a periodicity ranging from 5-12 months based on the annual 

humidity variation. Phenological measurements of tropical heterogeneous forests with high degree of species diversity which include 

the periodicity of flowering, flushing and shedding of leaves, fruiting etc are limited. Phenological leaf flushing is very responsive 

to the onset of rainfall based on flowering and flushing and cannot be possible at the same time when there is moisture stress. Dry 

season of tropical forests are characterised by leaf flushing and leaf fall. It is evident that leaf emerge and nurture during high 

temperature, less rainfall and days with increased duration. Leaf fall occurs when temperature is low and short duration days 
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(Sundarapandian et al, 2005; Shukla and Ramakrishnan, 1982; Bhat and Murali, 2001). Obviously, leaf abscission which occurs 

during dry season, also depending on the incident radiation (Singh and Singh, 1992; Borchert et al, 1980). Transpiration is absent 

and tree store water for subsequent use for the leaf lushing phase of dry months. Also, flower bud activity is high during leaf fall 

and lush for the months June to April and flower bud activity is less during July August and November. Flower maturation activity 

is high during February to May and small during September. Fruit initiation is less in March and June and high at March to May 

and the fruit ripening on May to July.  

 It is evident that for observing periodicity and seasonality of the year to year variation of phenological events long term 

monitoring of tropical forests is required. Global environmental change is acritical issue which clearly depicted the significance of 

long term monitoring of plant phenology. Phenology has tremendous control on terrestrial carbon cycling and sequestration. 

Comparison of the phenological events in the tropical forests, helps to understand the phenological diversity and the significant 

changes in the global patterns and process (Corlett and Lafrankie, 1998; Sakai, 2001). To understand the effect of climate on plant 

and animal population also, accurate monitoring of forest phenology is substantial. Accurate knowledge and understanding of 

phenological stages are important inputs for studying global carbon cycles and water cycles as well as for modelling climate 

(Menzel, 2002; Arora and Boer, 2005). Digital cameras are extensively used for monitoring phenology (Moore et al, 2016). Satellite 

data have been increasingly used to monitor forest phenology because of the long term monitoring and global coverage. Several 

studies were done based on the medium to coarse resolution satellites for monitoring the phenological events in the forest 

ecosystems. Landscape level observation of phenology were found to be achieved by MODIS (Reed et al, 1994; Vrieling et al, 2011; 

Zhang et al, 2003). Vegetation phenology monitoring by MODIS (Zhang et al, 2003), tropical forest phenology in French Guinea 

from MODIS time series are some of the successful studies. Hufkens et al, (2012) explained the deciduous leaf phenological studies 

linking near surface and satellite remote sensing. In some studies, observation of phenology by the field based digital photography 

and satellite data was done (Parihar et al, 2013). These medium to coarse resolution remote sensors can capture the regional and 

global patterns. But they are limited by the inadequate spatial and temporal resolution which makes it difficult to monitor forest 

phenology effectively. The atmospheric and sensor associated characteristics also limits the use of satellite data over tropical forest 

(Laurance, 2004). They cannot properly represent the actual phenological variations of tropical heterogeneous forests (Vrieling et 

al, 2017). Monitoring of tropical phenology is limited by the unavailability of high temporal and spatial satellite time series data. 

 With the advent of the Sentinel -2 imagery provided by European space Agency, which has high operational ability, long 

term continuity, it is possible to obtain free and open source multispectral high spatial resolution images with 13 bands in the optical, 

NIR and SWIR part of the electromagnetic spectrum. The Sentinel -2 imagery with richer spatial and spectral content (Pesaresi et 

al, 2016) and therefore has the potential for vegetation mapping and monitoring. Sentinel data can play a significant role in 

biophysical parameter estimation as well as monitoring the forest phenology by facilitating the monitoring of forests systematically 

every 5 to 10 days (Veloso et al, 2017). Dense time series data of Sentinel data offers a unique opportunity to systematic monitoring 

of forests at a weekly repeated cycle with high continuity and long term environmental monitoring. Biophysical parameter estimation 

in the heterogeneous forests can play substantial role in the forest management and practices. Biomass assessment is very necessary 

as it is associated with carbon budgets and the global carbon cycle (Hall et al, 1995; Cairns et al, 1997). The estimation of biomass 

can provide information about the changes in the forest ecosystem due to deforestation, fire, harvesting and climate change             

(Tan et al, 2007). Biomass and vegetation indices are highly correlated in forest ecosystems ( Das and Singh, 2012). Leaf area index 

Traditional field measurements are found to be time consuming and limited in the case of spatial coverage. Remotes sensing 

technologies are widely used for estimating the biomass and vegetation indices. Several studies have done for the estimation of 

biophysical parameters using multispectral satellite imageries including Landsat series (Lu et al, 2004; Karlson et al, 2015; Dube 

and Mutanga, 2015; Gao et al 2016). However, the use of Landsat series optical imagery is limited in the case of spectral bands, 

spatial contents and the operational capability. 

 Sentinel data can provide information regarding temporal variation, behaviour of the variety of tree species including small 

species. The analysis of Sentinel data can enhance the estimation of biophysical parameters as well as understanding phenology by 

reproducing the tree phenological cycles and monitor forests in real time basis. Dense time series data allows to capture even short 

phenological stages and describing the different canopy growth stages. Multispectral Sentinel imagery data is not capable of 

providing the structural parameters but can only provide the horizontal structure of forests (Hudak et al, 2012; Lefsky et al, 1998). 

The emerging technology Light Detection and Ranging (LiDAR) provided three dimensional structure of forest including vertical 

and horizontal structure of forests. LiDAR is found to be used for the canopy heights, canopy density, vegetaion cover etc and 

several applications in forest measurements. Several studies were done based on the application of airborne LiDAR in the estimation 

of forest density, biomass and the vegetation parameters.(Wudler et al, 2008; Lee et al, 2011; Andersen et al, 2006; Popescu et al 

2003; Lefsky et al, 1999; Tang et al, 2014; Wang et al, 2017). But it is evident from these  studies  that the  airborne discrete return 

LiDAR have limitations including high cost and limited spatial coverage. The introduction of the space borne full waveform Lidar 

Geoscience Laser altimetry system onboard Ice sea Land Elevation satellite (ICESat) launched in January 13, 2003, which can 

provide full wave form LiDAR data with global coverage and large footprint having diameter 70m with 172m spacing can overcome 

the above limitations. GLAS ICESat data have found applications in measuring the 3D information of forest in global scale. (Zwally 

et al, 2002; Schutz et al, 2005; Mahoney et al, 2016; Lefsky, 2010; Luo et al 2013). Several studies have done to integrate GLAS 

data with optical imagery for the extraction of forest attributes. (Wang et al, 2016; Hajj et al, 2017; Liu and Chen, 2013). 
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 The Western Ghats region of India is one of the hotspots of biodiversity which are characterised by highly complex forests 

environment with large no of tree species and thick understory and overstory vegetation structure. In such complex forest 

ecosystems, overstory is characterised by woody and non woody tree species. Highest plant richness is regularly be found in 

understory including shrubs, herbs and moss coverage. Understanding the forest structure and dynamics of Western Ghats is a 

challenge in the case of forest measurements and practices. Information regarding phenological events in Western Ghats is limited. 

The present study focused on monitoring the phenological patterns of dominant tree species of tropical forests ecosystem of 

Mudumalai region of Western Ghats of India by the combination of GLAS and Sentinel-2 Imagery and extraction of biophysical 

parameters. Forest ecosystem of Western Ghats is highly complex and heterogeneous with thick understory. The integration of the 

LiDAR data with Sentinel-2 imagery helps to understand the understory vegetation along with the structural as well as spatial 

biophysical parameters. The methodology used in this study can be used to understand the forest health conditions, degradation as 

well as forest monitoring, management and practices. 

2. STUDY AREA AND DATA SETS USED 

 
  The study area (Figure 1) selected is a protected forest in the Western Ghats region of India. Mudumalai forest in Tamilnadu 

state has an annual rainfall of range 1700mm and the type of forests is of tropical moist deciduous, dry deciduous, semi evergreen 

and thorn forests. The elevation value ranges from 960 to 1266m for the forest area. 

 

 
 

Figure 1: Study Area- Mudumalai Forest. 

 In Mudumalai forest, June and July is the dry season. Most common trees are Lythraceae, Terminlia, crenulate, 

Anogessisius Latifolia, Acacia Chundra.  Leaf flushing began in January until June (Dalbergia Lartfolia, Elaendendron Glancium, 

Garanga Pinnata. Some species flushing in May. The canopy trees include Lagerstroemeia microcarpa wt, Terminalia cremilata 

Roth, Agnogeisius Latifolia,and the understorey vegetation included Kydia Calysna Roxb, Casia Fistula, Themeda cymbaria, 

Lanatana Camera , Chromolaena odorota, King and Robinson etc. (Suresh et al, 2010). Peaks in leaf flushing before the onset of 

rain. Leaf flushing and flowering occur simultaneously in majority of species during the peak of dry season (Murali and Sukumar, 

1994). 

Data sets used for the implementing the methodology includes- 

a) Space Borne LiDAR Data 

The GLAS data for the year 2003-2009 used in the given study was obtained from the ICESat/GLAS NSIDC website.  The 

data sets were pre-processed by means of ICESat /GLAS NGAT tools for the conversions needed for the extraction of the data and 
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waveform visualisation. The data sets were filtered for the year 2008 by means of the available quality flags for saturation, presence 

of cloud and validity of elevation. The space borne LiDAR data over Sentinel 2 imagery for Mudumalai forest is shown in the  

Figure 2. 

 

 
Figure 2: GLAS data coverage which is displayed on Sentinel Data across Mudumalai forest. 

 
b) Sentinel -2 Imagery 

Sentinel-2 imagery of 2016 February, March, October and November were downloaded from ESA sentinel-2 USGS Earth 

explorer (http://eros.usgs.gov/sentinel-2). The Sentinel-2 multispectral instrument (MSI) has 13 spectral bands. Sentinel -2 imagery 

is pre-processed by means of the SNAP toolbox provided by ESA. Atmospheric and terrain corrections were done by means of ESA 

toolbox and top of atmospheric reflectance (TOA) were obtained. 
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3. METHODOLOGY 

 
The methodology of the study is depicted in Figure 3. Structural parameters from GLAS data were obtained by developing 

digital elevation models and digital surface models. 

 

 

 

 

 

 

 

Figure 3:  Methodology used in the study 

 

3.1 Estimation of the structural and spectral parameters by integration method 

For the Sentinel imagery, pre-processing included the resampling, spatial subset and the cloud removal using SNAP tool. 

The pre-processed data of sentinel -2 and the structural parameters from LiDAR data were integrated based on pixel-based image 

registration techniques.  NDVI, LAI, FAPAR, F Cover were estimated for the months of October, November, February and March. 

 

3.2 Canopy Height Model (CHM) 

From the LiDAR point cloud which is developed from the GLAS space borne data, canopy height models (CHM) of 

Mudumalai are developed and is given in the Figure 4. CHM were developed for the months of October, November, February and 

March 2008.  

3.3 Normalized Difference vegetation indices (NDVI) 

NDVI is most commonly used vegetation indices and is highly correlated with biomass. The values of NDVI range from 

0 to 1 and have sensitive response for even low vegetation and calculated through normalisation procedure. NDVI is related to 

canopy structure and canopy photosynthesis but sensitive to effects of soil brightness, soil colour atmosphere, clouds and leaf 

canopy shadow. NDVI represents photosynthetic activity and is highly correlated with density of the vegetation. The normalizing 

reduces topographic and atmospheric effects and enables the simultaneous examination of a wide area. The equation for NDVI is 

in (1) 

             NDVI=
REDNIR

REDNIR




                                                                                                                                                

 
3.4 Generation of biophysical variables 

From the top of canopy reflectance data, LAI, Forest cover and FAPAR is generated by training the neural networks which is 

composed of one input layer made of 11 normalized input data, one hidden layer with 5 neurons with tangent sigmoid transfer 

functions and one output layer with a linear transfer function. 

a) Leaf Area Index 

Leaf Area Index is defined as the one-sided green leaf area per unit ground area in broadleaf canopies (Breuer et al, 2002). 

LAI is estimated by equation (2) 

LAI= 0.57*exp(2.33 NDVI)                                                                                                                                      

b) Forest cover  

Forest cover is defined as an area having more than 1ha with tree canopy density of more than 10 percent. 
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c) Fraction of Absorbed Photosynthetically Active Radiation 

  It is the fraction of the incoming solar radiation in the photosynthetically active radiation spectral region and it gives 

information of the light absorption across an integrated plant canopy and is directly related to the primary productivity of 

photosynthesis and the assimilation of carbon dioxide in vegetation 

 
d) Estimation of Biomass 

Support vector machine (SVM) learning algorithm is used in the given study for the estimation of biomass. SVM is a 

promising machine learning methodology for biomass estimation which uses radial basis kernel function and grid search. Here the 

CHM from space borne LiDAR point cloud were integrated with the LAI estimated on pixel based fusion strategy. SVM regression 

is applied on the integrated imagery. Biomass is estimated for the study area for different phenological seasons. The biomass 

estimated for the study area for the different months is depicted in the Figure 4.  

4. RESULTS AND DISCUSSION 

 
Canopy height model of Mudumalai forest were obtained from the GLAS data and is shown in the Figure 4. 

 
Figure 4: CHM for Mudumalai Forest 

 

 

Different biophysical parameters estimated and seasonal variation corresponding to different months for the study area are 

depicted in the Figure 5.  
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Figure 5: Biophysical variables estimated for Mudumalai Forest 

 

The estimated biomass and LAI were compared with the field measurements, and obtained consistent correlation is 

obtained. Scatter plot showing the comparison is given in Figure 6. Close correlation of R2 =0.98, for biomass and R2=0.982 for 

LAI is obtained. 

             

Figure 6: Scatter plot showing the variation of biomass and LAI with ground measurements 

The estimated parameters successfully depicted the phenological variations in Mudumalai forests. The results indicated that the 

integrated product of space borne LiDAR data with Sentinel-2 images can extract real time based biophysical parameters in an 

effective manner. Biomass are also computed which can be an indirect indicator of the carbon content in the forest area. The 

integration with the space borne LiDAR point cloud provide the opportunity to extract the structural parameters including canopy 

heights. Dense time series data of Sentinel enabled to capture the forest phenology on real time basis. A significant correlation is 

seen between the biomass and the vegetation indices. The paper presented the potential of the combination of GLAS data and 

Sentinel-2 images for the extraction of biophysical parameters along with the structural parameters and the monitoring forest 

phenology in a cost effective and accurate way. Spectral parameters were calculated based on the reflectance values of the Sentinel 

data thus ensuring the quality of the results as well as the ability to identify the forest conditions and the canopy changes. 
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5. CONCLUSION 

 The study estimated the biophysical parameters by the integration of space borne LiDAR and Sentinel-2 images in 

heterogeneous forests. The biophysical parameters estimated are canopy heights, Forest cover, FAPAR, biomass, NDVI and LAI. 

The study focussed on a cost effective and accurate estimation of the spectral parameters along with the structural parameters by 

the integration approach. The spectral parameters calculated here were a good indicator of the forest canopy cover, moisture content, 

vegetation density, biomass and the vegetation growth. The study thus successfully elucidated the phenological variations of 

Mudumalai forest. The data fusion of the GLAS and the Sentinel-2 images proved to be a promising technology for the forest 

structural and spectral parameters in addition to the accurate phenological monitoring. The biophysical parameters extracted can 

give accurate and desirable results which can play a significant role in the national forest monitoring and the forest management 

practices. 
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