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ABSTRACT 
Estimation of biomass at ICESat/GLAS footprint level was done by integrating datasets from 
multiple sensors. The biomass estimation accuracies of Random Forest and Support Vector 
Machine Regression were studied. Multiple Linear Regression equations were developed from 
the most important variables found using Random Forest algorithm. The equations were 
extended to outside the footprints using the microwave variables that correlated best with 
ICESat variables. The study also introduced a novel and more accurate method of data 
collection from ICESat footprints. The results of the study were very encouraging. The 
maximum tree height was predicted with an RMSE of 1.35m and AGB prediction with the best 
6 variables had an RMSE of 13.9t/ha. SVM regression further reduced RMSE to 13.5t/ha and 
was able to explain 88.7% variation in the observed biomass. The equation for outside the 
footprints could explain 75% (adjusted) variation in the observed biomass. The study 
conclusively established that sensor integration approach is much better than single sensor 
approach in predicting AGB. The study does not claim that the parameters derived here shall 
hold for every other study area. The authors are fully aware of the fact that results from different 
regression models are always data dependent. The best outcome of the study was the 
formulation of an approach that could result in higher biomass estimation accuracies.  The study 
finally analyzed its limitations and suggested improvements that would result in even better 
estimation accuracies.  
 

Keywords:  ICESat, GLAS, footprint, Random Forest, Support Vector Machine, microwave, 
tree height, AGB, Multiple linear regression.  
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1 Introduction 
 
1.1 Background 
 
Over the past 50 years, humans have changed ecosystems faster and more extensively than ever; 
largely to meet rapidly growing demands for food, fresh water, timber, fiber and fuel; leading  
to a substantial, largely irreversible loss in the diversity of life on Earth. The changes made to 
ecosystems have contributed to substantial net gains in human well-being and economic 
development, but at growing costs in the form of the degradation of many ecosystem services, 
increased risks of nonlinear changes, and the exacerbation of poverty for some groups of 
people. Unless addressed, these problems will substantially diminish the ecosystem benefits of 
the future generations (MEA, 2005).  
 
It is becoming increasingly important to tie carbon content to forest inventory estimates. 
Regional and national estimates of ecosystem carbon content, and changes in ecosystem carbon 
content over time, are important in global carbon cycling and its impact on atmospheric 
greenhouse gases and climate. International agreements call for improvements in the ability to 
assess forest carbon stocks and their change. United Nations’ Framework Convention on 
Climate Change (UNFCCC) came up with the realization of urgency to reduce carbon 
emissions and greenhouse gases (GHGs). Kyoto Protocol obliges the member countries to 
reduce their carbon emissions utilizing their forest ecosystems (UNFCCC, 1997).  
 
Forests have assumed significance in view of their potential to act as net carbon sinks. By 
estimating the structural attributes (e.g. above ground biomass - AGB) of these ecosystems, the 
amount of carbon sequestered can be calculated. In general, the AGB is estimated by using the 
diameter of a tree at breast height (DBH) (Keller et al., 2001). Though straightforward, direct 
estimation of AGB through DBH on ground is expensive, time-consuming, and sometimes 
destructive (Hiratsuka et al., 2003).  
 
Remote sensing offers comprehensive spatial and temporal coverage and has the potential to 
save money, time, and effort in AGB estimation. LiDAR (Light Detection and Ranging) is an 
active sensor that directly measures the vertical component of vegetation, and has the potential 
to measure the structural vegetation attributes (Lefsky et al., 2002). Passive optical imagery on 
the other hand has proven effectiveness in delineating various forest types, isolating individual 
trees and assessing forest density. Radar data has the advantage of providing cloud free datasets. 
 
1.2 Problem Definition  
 
If the different remote sensing systems are compared for biomass mapping, the major advantage 
of optical satellite imagery is its availability for a time period of more than three decades 
previous and its spectral sensitivity for species identification. The problems highlighted with 
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optical data, are those of frequent mapping in cloudy areas and the loose correlation between 
spectral response and biomass, especially in classes with high biomass volume. 
 
The main issue today in estimating biomass from SAR data is the temporal decorrelation. 
Temporal decorrelation makes it difficult to calculate height or coherence based on 
interferometric methods (Askne and Santoro, 2005). For the direct method approach, the 
saturation which occurs with higher biomass restricts the application of radar data to forest areas 
with low biomass volume (Fransson and Israelsson, 1999; Rauste, 2005). The sensitivity to 
roughness makes it additionally difficult for high-frequency data to find a clear boundary 
between forest and non-forest areas.  
 
For LiDAR, its weaknesses are the relative high costs, the nearly complete restriction to 
airborne platforms and an existing knowledge gap on the interactions between LiDAR beams 
and vegetation. However, Laser altimetry is proven for its high precision and capability to 
estimate canopy height (Lefsky et al., 2005). LiDAR also offers capacity to gather information 
on canopy, as well as, sub canopy level which is crucial for understanding forest health and 
carbon accounting. The range to an object is determined by measuring the time delay between 
transmission of a pulse and detection of a reflected signal. LiDAR operates in shorter 
wavelength and has comparatively less beam divergence.  
 
Space-borne LiDAR with large footprints and full waveform datasets have the advantage of 
assessing vegetation parameters at unprecedented scales, from regional to continental and global 
extents. An overview of the ICESat mission is provided in Duong (2010). A series of studies 
using GLAS data have successfully demonstrated the capabilities of GLAS data for estimating 
forest canopy heights (Lefsky et al., 2007; Rosette et al., 2008) and forest biomass (Lefsky et 
al., 2005; Nelson et al., 2009). 
 
The present study broadly aims at utilizing the accurate measurements of individual tree heights 
from space-borne Lidar and type and density parameters from high resolution optical imagery to 
estimate biomass. Final subset of parameters shall be arrived at by using a combination of 
available knowledge and results of different regression algorithms. Different regression 
algorithms shall be studied for their accuracies in predicting biomass. The radar derived 
parameters shall be used to explore correlation with height metrics derived from ICESat GLAS 
waveform so that biomass predictions can be extended outside footprints.  
 
The regression algorithm mostly utilized for deriving a mathematical relationship between an 
output and several inputs is linear multiple regression (Hyde et al., 2005, 2007; Mitchard et al., 
2012; Latifi et al., forthcoming). The algorithm operates on least squared error principle. The 
study utilizes two more regression algorithms, i.e., Support Vector Machine regression and 
Random Forest regression for the prediction of biomass. These two are nonparametric nonlinear 
regression algorithms and are known to produce better results than multiple linear regression in 
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various fields (Arun and Langmead, 2005). These algorithms are particularly suitable for 
problems involving parameters that are far in excess of the available number of cases. The 
motivation for the present study lies in generating a large number of input parameters from 
different datasets and then select an optimum set of parameters which can predict biomass with 
reasonable accuracy. 
 
If the study offers reasonably accurate relationship between the estimates of biomass and 
underlying variables, it may pave the way for speedy and more accurate estimation of India’s 
forests’ biomass and carbon sequestration potential.   
 
1.3 Research Questions 
 

 What combination of multi-sensor parameters correlates best with the biomass 
estimates at footprint level? 

 Which multiple regression algorithm performs best in estimating biomass at footprint 
level?  

 Do height metrics derived from ICESat correlate with any of the Radar derived 
parameters? 

 
1.4 Research Objectives 
 
The study aims at combining information from multiple sensors to achieve reasonable estimates 
of biomass. We statistically combine structural information from LiDAR, RADAR, and passive 
optical sensors in an attempt to improve accuracy of our estimates. The effect of the different 
statistical algorithms in modelling the relationship is also a major objective of the study. The 
objectives are summed up as follows: 
 

 To optimize the multiple sensor parameters for biomass assessment. 
 Comparing the accuracies of biomass assessment derived from different multiple 

regression algorithms, for example, SVM vs. RF algorithms. 
 To explore a relationship between height metrics derived from ICESat waveform and 

Radar derived parameters. 
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2 Literature Review 
 
Introduction 
 
Carbon sequestration and biomass assessment have been the most important items on the 
agenda of climate change discussions in the past few years. Accurate mapping of biomass is 
equally important for both the scientific community as well as the forest managers. Remote 
sensing combined with accurate field data collection has the potential to develop highly reliable 
biomass models and maps. These maps can be used to monitor deforestation and changes in 
carbon content of forests over time. No single data type, if used alone, is capable of achieving 
the above mentioned objectives. Multiple datasets, due to the different spectral domains, 
different data collection techniques and different processing methods, result in complementary 
information content and thus improve the accuracy of estimates. The methods of measuring 
biomass, accuracies of single datasets in predicting biomass and theoretical basis for different 
regression algorithms are discussed below. 
 
2.1 Measurement of Biomass 
 
Biomass is defined as the total amount of above ground living phytomass in plants expressed as 
oven dry tons per unit area (Brown, 1997). Measurement of biomass involves direct as well as 
indirect methods. The direct methods aim at establishing relationships between parameters 
recorded by the satellite and the field measured biomass. These methods utilize techniques such 
as multiple regression analyses, machine learning algorithms, genetic algorithms and statistical 
ensemble methods for deriving the relationship. The indirect methods are based on stand 
characteristics derived from the remote sensing data itself and then utilized to predict timber 
volume and biomass estimates. The estimates from both methods are finally multiplied by a 
biomass expansion factor (BEF) to arrive at the total AGB. The BEF depends upon tree species 
and tree age. It converts timber biomass to the total above ground biomass of the tree. Tiemann 
(2007) showed that the height and crown cover are the variables best correlated with biomass 
(Koch, 2010). Further, it is well established that crown cover, forest type and forest height 
model the field measured biomass accurately enough. 
 
2.2 AGB estimation using single datasets 
 
Remote sensing datasets have the advantage of high spatio-temporal resolution and coverage of 
inaccessible areas. The complementary nature of information derived from different datasets is 
discussed below.  
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2.2.1 AGB estimation using Optical and Hyperspectral datasets 
 
Optical remote sensing responds mainly to pigment content, leaf structure and water content of 
the vegetation. Biomass is modeled w.r.t. several vegetation indices like NDVI, EVI, 
brightness, wetness, PC’s and texture elements (in case of fine resolution datasets). Optical 
datasets are classified as fine resolution (below10m), medium resolution (10-100m) and coarse 
resolution. Medium and coarse resolution datasets are useful in discriminating largely differing 
biomass classes. Small changes in biomass cannot be captured by optical data due to the loss of 
correlation. Biomass mapping can be improved by species and health status information. A 
better source of such information is hyperspectral data. Hence, optical data is more useful in 
combination with hyperspectral data. Also, fine resolution data using crown delineation 
algorithms or by using texture parameters in combination with optical parameters can yield 
better prediction accuracies, particularly for degraded forests (Eckert, 2012). Pattern changes 
can also indicate subtle biomass changes (GOFC-GOLD, 2009). High spatial resolution 
hyperspectral data (Hyperion or EnMap 2013) is expected to improve species identification and 
improved mapping of biochemical status of trees. A combination of an angular and an end-
member approach resulted in an overall species classification accuracy of 74% for trees in the 
African savannah (Cho et al., 2009). However, the existing spectral libraries are still inadequate 
to meet the species identification requirements of temperate and tropical forests. Huber et al. 
(2008) and Xue &Yang (2008) confirm that there exists a strong relationship between certain 
vegetation indices and the biochemical status of the trees. The LAI is strongly correlated with 
the reflectance and can be described quite well with a number of vegetation indices. Leaf 
biomass can be extracted using certain indices. However, total AGB estimation is difficult from 
hyperspectral data. Schlerf (2006) even states that the above ground biomass cannot be retrieved 
from hyperspectral data, because there is only a poor relationship between stem biomass and the 
vegetation indices. Thus, direct estimation of biomass from hyperspectral data does not seem 
possible in the near future. It may be more useful when combined with other datasets. 
 
2.2.2 AGB estimation using Microwave datasets 
 
Radar data finds extensive use in biomass estimation due to its relative weather independence. 
The major approaches for biomass estimation using radar data are backscatter, coherence and 
phase based. Zhou (2008) describes that backscatter and coherence approaches have clear 
limitations from the point of view of biomass assessment. The limitation lies in roughness of 
objects w.r.t wavelength, weather influences during different data take times, problems with 
exact co-registration and saturation. InSAR and PolInSAR have the capability to generate 
height information. Backscatter intensities fail to establish relationship with biomass for values 
greater than 110-150m3/ha. Fransson and Israelsson (1999) obtained R2 values of 0.59 between 
the exponential of stem volume and radar differential backscattering coefficient σ0 in different 
JERS scenes. The saturation points varied from 130-157m3/ha for the different scenes. 
Saturation point is defined as the biomass value beyond which no increase in biomass value is 
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reflected by a commensurate increase in backscatter values. RMSE of 45-61m3/ha was observed 
for volumes less than 360m3/ha. It must be mentioned that most of the forest areas have a 
volume greater than this. Thiel et al. (2009) investigated the mapping of different forest areas 
based on winter coherence data and summer intensity values of the L-band ALOS/Palsar data. 
They found that a separation of older and younger forest areas was possible using the intensity 
information of HH and HV polarisation together with the coherence information (Koch, 2010). 
However, the L band backscatter values alone are not suitable for biomass assessment in 
tropical forests (Almeida-Filho et al., 2007). Fransson et al. (2007, 2008) used ALOS/Palsar L-
band data for detecting changes in forest cover based on backscatter intensity information only. 
He found that a difference exists for HH and HV backscatter values between forested and clear 
cut areas. This highlights the importance of polarised data for estimating biomass. Baltzer et al. 
(2007) provides an overview of phase based techniques. The phase-based techniques utilise the 
interference patterns generated by two electromagnetic waves received at different locations to 
estimate the topographic height of the scattering phase centre. The location of the scattering 
phase centre depends on vegetation structure, scattering mechanisms and sensor characteristics. 
Leaves, branches, stems and ground are the scatterers in the forests. The part of the forest that 
would interact most strongly with the radar wave depends on the wavelength, the polarization, 
incidence angle and of course on the vegetation itself, like thickness and density of the crown 
area. Height is a very important parameter while developing highly accurate allometric 
equations for biomass estimation. Hence, accurate estimation of heights is highly desirable. A 
phase-based interferometric approach was used by Baltzer et al. (2007), in which they used an 
E-SAR data L-band HH for ground height and X-band VV for canopy height measurements. 
They claim that in open forests, the L-band HH polarization can be used to calculate the ground 
height and the X-band VV polarization to derive canopy heights from forests. They achieved a 
relative error to LiDAR canopy height of around 29%. Repeat pass interferometry is limited in 
accuracy by temporal de-correlation. It is caused by change in temperature, orientation angle of 
scatterer and changes in moisture between two acquisitions. Lee et al. (2009) reported that 
temporal de-correlation even within one day leads to high overestimations in forest height. The 
temporal de-correlation depends strongly on forest height, effects of wind, changing ground 
conditions, water content and fellings between acquisitions. Currently, only airborne data is 
capable of reducing temporal de-correlation. Future single pass datasets like TanDEM-X may 
reduce this problem to a greater extent. The extraction of reliable heights from interferometric 
phase-based measurements would significantly improve the performance of the biomass 
estimation based on SAR data. Certain models are also utilised for biomass estimation. 
Prominent among those are random volume over ground model, coherent scattering model and 
water cloud model. Zhou et al. (2009) used the random volume over ground model and 
demonstrated how height measurements can be improved using single pass multi-baseline 
PolInSAR data. The latest development in the extraction of stand structure from radar data is a 
technique named radar tomography. Here a real 3D imaging of the scene is done by using an 
additional synthetic aperture in elevation, which is generated by using a coherent combination 
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of images acquired along parallel flight tracks (Koch, 2010). However, the technique is still in 
infancy and needs to be tested for forest areas. 
 
2.2.3 AGB estimation using LiDAR datasets 
   
Dees and Koch (2008) and Mallet and Bretar (2009) showed that the information related to 
height or structure of forests can be extracted with high quality from LiDAR datasets. Lefsky et 
al. (2001) explained 84% of the above ground biomass variance by regression from the LiDAR 
measured canopy structure. Popescu (2007) managed to explain 93% of the biomass using 
individual tree metrics derived from airborne LiDAR data. The usual approach followed is that 
tree heights are first calculated from LiDAR (Nelson et al., 1988) and then wood volume is 
modelled based on this (Straub et al., 2009) and finally expansion factors are applied to estimate 
biomass. Tokola (2009) combined LiDAR in a two-stage stratified sampling, showing an RMSE 
of 18% for biomass and carbon estimation (Koch, 2010). The space-borne fullwave laser system 
ICESat/GLAS has also been used to derive biomass parameters and canopy height for large 
areas. However, hardly any investigations are available for tropical forests (Koch, 2010). 
LiDAR turned out to be one of the most applicable remote sensing techniques for forest 
monitoring (Hyyppä et al., 2009) due to the information that can be obtained on the vertical 
structure of the vegetation cover compared to the optical sensors (Dubayah and Drake, 2000). 
Certain simulations have been carried out on multi-wavelength LiDAR data. Morsdorf et al. 
(2009) demonstrated that multi-wavelength LiDAR data would greatly improve the accuracy of 
measurements for photosynthetically active biomass. Airborne LiDARs providing 20 or more 
points per m2 and a high number of reflections along the full waveform combined with multiple 
look angles can improve single tree delineation as well as crown volume estimations, according 
to different shooting directions. Airborne LiDAR data is also used successfully for deforestation 
monitoring as well as forest non forest classification (Wang, 2007). Straub et al. (2008) 
achieved an accuracy of more than 97% in forest-non forest classification. Wu et al. (2009) 
reported on direct biomass estimations based on full waveform-derived metrics achieving 
accuracies of around 73%. Investigations by Latifi et al. (forthcoming) showed that with 
LiDAR data, direct biomass estimations using a variety of different methods are superior to 
optical data. Although the LiDAR data is able to distinguish broadleaved species from conifers 
by comparing the structural features in leaf off condition, a detailed identification of species 
seems to be a limitation with the LiDAR datasets for the purpose of biomass estimation. 
 
2.2.3.1 A note on ICESat/GLAS system 
 
ICESat/GLAS system has proved its utility for biomass assessment. There is a new mission 
planned for ICESat-2 in 2016. Even though this is the only currently scheduled mission with a 
space-borne LiDAR system, it can be expected that the topic will receive increasing attention 
from other space agencies. Airborne LiDAR has proved its importance and suitability for 
reliable biomass estimations; therefore, the integration of LiDAR data is of great interest also 
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for large area biomass inventories. Due to the expected technical innovations and the 
performance of LiDAR data for biomass assessment, it can be assumed that LiDAR will play a 
prominent role in biomass estimations. The importance of LiDAR data is confirmed by a 
number of investigations which repeatedly showed higher performance of LiDAR data 
compared to other data types. The altimetric information combined with physical values like the 
intensity derived from LiDAR is suitable for predicting canopy structure and consequently 
biomass estimations (Koch, 2010). The prohibitive costs associated with the airborne LiDAR 
data, makes the freely available ICESat/GLAS data, with comparable height accuracy, the 
automatic choice for biomass estimation. 
 
2.2.4 Importance of synergy of sensors for AGB estimation 
 
The suitability of diverse remote sensing data types for certain forest parameters will compel the 
use of multi-sensor data sets to deliver the requested biomass mapping products (Koch, 2010). 
Straub and Koch (forthcoming) reported that models which include the mean crown area, 
derived from single tree delineations together with tree height metrics and type proportions, 
provide better wood volume, diameter and age estimations than without the single tree 
information. In their investigation, the observed RMSE for stem volume estimation using 
variables for height and vegetation structure was about 30% in richly structured, mixed stands. 
Crown area and type information can be extracted best from high resolution optical imagery 
while parameters related to forest structure can be best obtained from LiDAR and Microwave 
datasets. Microwave datasets have additional advantage of weather independence. The use of 
multi-sensor data together with improved methods may overcome some of the problems which 
are faced with single data sets. Straub et al. (2009), Dees et al. (2006) and Maltamo et al. 
(2006) provided examples of research which utilised the combination of airborne LiDAR with 
optical data to improve wood volume estimates. Most other studies have focussed mainly on 
studying correlation between parameters derived from airborne LiDAR with those derived from 
space-borne high resolution optical datasets. The resulting relations are then used for a wall to 
wall mapping. Chen and Hay (2009) used QuickBird images and obtained an RMSE of 6.6m for 
the whole area.  Combinations of Radar with optical data have also been tested. Moghaddam et 
al. (2002) combined AirSAR data with Landsat TM data and achieved better results than with 
the single data sets. Banskota et al. (2009) combined BioSAR with Imaging LiDAR to find 
better estimates of biomass. An R2 of .78 was achieved for the combined dataset. On the other 
hand, Hyde et al. (2007) after combining the datasets from the same sensors observed no 
significant improvement in biomass estimation accuracies for pine forests. They conclude that 
the Radar and LiDAR combination has little or no merit for the purpose of biomass assessment. 
However, the other combinations have certainly proved their merit. Future estimations of 
biomass would depend more on multi-sensoral approach as more sensors with a better quality of 
information would be available (Koch, 2010). DesDynl mission project of NASA (DesDYNL 
project website, 2008) combines the information obtained from different airborne and space 



 
 

19

borne sensors with the information derived from the ICESat/GLAS system. The mission is 
dedicated for vegetation and biomass mapping. 
 
2.3 A note on Random Forest and Support Vector Machine regressions 
 
2.3.1 Random Forest 
 
A classification and regression tree (CART) technique invented by Breiman in 2001. A RF 
randomly and iteratively samples the data and variables to generate a large group, or forest, of 
classification and regression trees (CART). The classification output from RF represents the 
statistical mode of many decision trees, hence achieving a more robust model than a single 
classification tree produced by a single model run (Breiman, 2001). The regression output from 
RF represents the average of all the regression trees grown in parallel without pruning. Three 
useful properties of RF are internal error estimates, the ability to estimate variable importance, 
and the capacity to handle weak explanatory variables. As more trees are added, RF does not 
overfit, always converges, and has bounded generalization error. Each tree is fed with a random 
subset of predictor variables as well as random subset of training data. The iterative nature of 
RF affords it a distinct advantage over the other methods as this effectively bootstraps (by 
feeding random subsets of training data) the data for more robust predictions. This helps in 
reducing correlation between trees. Random subsets of predictor variables allow derivations of 
variable importance measures and prevent problems associated with correlated variables and 
overfitting (Breiman, 2001). Variable importance can be used to gain an understanding of the 
relative value of predictor variables to the solution hence reduce the number of input variables. 
Variable importance can be assessed by two measures (Liaw and Wiener, 2002). One provides a 
measure of accuracy, by quantifying the degree to which inclusion of a variable in the model 
decreases the mean squared error. The other importance measure is the Gini index, a measure of 
node impurity, or the degree to which a variable produces terminal nodes in the forest of 
classification or regression trees. Splitting a node on a variable causes the Gini index for the two 
descendent nodes to be less than the parent node. Summing these decreases in the Gini index for 
a variable across the forest of classification or regression trees provides a measure of variable 
importance (Breiman et al., 2006). RF can handle data of mixed type as well as outliers in input 
space and is immune to irrelevant inputs. RF has found extensive application in the field of 
neurobiology, genetics and healthcare. The ability of RF to handle high dimensional and weak 
input data has huge potential in hyperspectral remote sensing classification.  

2.3.2 Support Vector Machine Regression 

SVM is a classification and regression techniques based on statistical learning theory. SVM 
focuses classification decisions on the boundary between classes and not on mean and variances 
of classes. Using a kernel function, SVMs map the input space (independent variables) to a 
higher dimensional space where complex nonlinear decision boundaries between classes 
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become linear. Popular kernel functions include linear, polynomial, radial basis, and sigmoid. 
SVM Regression is used to define a real-valued output function given the independent input 
variables. SVM Regression applies the concept of a ε-insensitive loss function that ignores 
point errors within a distance of ε from the true value by weighting them with zero. The 
solution is obtained through a small subset of training points and the support vectors (vectors 
from points nearest to decision boundary) contain all the required information to define the 
function and results in “extremely efficient algorithms”. SVM Regression has excellent 
predictive powers and ability to extract linear combination of features.  
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3 Study Area and Materials used 
 
 

 
 
 
 
 

Figure 3.1: Location of the study area with overlaid ICESat footprints. 
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3.1 Study Area 
 
The area selected for the present study is in the eastern part of Doon valley (29.7-30.7°N and 
77.4-78.2°E) (Fig. 3.1).  The forests of the area can be broadly classified as Tropical Moist 
Deciduous Forests dominated by Shorea robusta and its associates. Major tree species present 
here are Shorea robusta, Mallotus philippinensis, Terminalia tomentosa, Ehretia laevis, 
Lagerstroemia parviflora and plantations of Tectona grandis. The area has a predominantly 
subtropical climate with temperature ranging from 20C to 400C. The climate of the entire study 
area is influenced by monsoon pattern of rainfall. The average annual rainfall is 1550 mm. The 
abundance of forest cover, accessibility, data availability (LiDAR and collateral) and available 
timeframe acted as the guiding factors for the choice of the area of study.   
 
3.2 Materials 
 

A. Satellite Data  
 ICESat/GLAS data products (GLA01 and GLA14) (NSIDC, 2008, 2009) 
 WorldView-2 MSS (8 bands) 
 Google Earth  
 ALOS PALSAR quad-pol data 
 SRTM DEM and CARTODEM 

 
B. Ancillary data 

 Ground truth 
 Topographic maps 

 
C. Software 

 ENVI 4.8 (32 bit) 
 MATLAB R2007b 
 ArcGIS 10 
 STATISTICA 9 
 ERDAS IMAGINE 9.2 
 PolSARpro_v 4.2 
 ASF MapReady 3.1 
 IDL Virtual Machine 

 
D. Instruments 

 GPS 
 Laser Rangefinder 
 Measuring Tapes and Ropes 
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3.2.1 Description of datasets  
 
ICESat/GLAS 
 
ICESat/GLAS is a space-borne LiDAR system. It orbits the earth at an altitude of 600km from 
the MSL with a repeat cycle of 183 days. It carries onboard a laser with 1064nm wavelength. 
The beam divergence angle of the laser beam is .11mrad. It fires pulses at a rate of 40Hz. This 
means that data from 40 footprints is recorded per second. The size of the footprints on ground 
depends upon the pulse energy, beam divergence and operating altitude above the surface at 
which the footprint is recorded. The average diameter of the footprint is around 70m and 
individual footprints are posted at a center to center distance of around 170m. The satellite is not 
operational since early 2009 and future mission, named, ICESat-2 is expected to be operational 
by 2016. The geo-location accuracy of footprint has been reported to be less than 5m by various 
studies. The transmitted pulse width is 4ns and the return energy recorded as a function of time 
is digitized, either in 544 or 1000 bins with 1ns temporal resolution. Thus, 1 bin denotes a 
height difference or vertical resolution of 15cm (3x108 *10-9/2). Also, the full waveform 
represents a vertical height difference of 81.6m for 544 bins and 150m for 1000 bins. The data 
is acquired for 2 consecutive ICESat data acquisition dates (14/10/2008 and 13/12/2008) over 
the Doon Valley area. The data belongs to acquisition campaigns L3K and L2D.  The data was 
procured from National Snow and Ice Data Center (NSIDC). It was supplied as 2 data products 
(GLA01 and GLA14). GLA01 is L1A Global Altimetry data and it contains transmitted as well 
as received waveforms and corresponding sensor gains. GLA14 is L2 Global Land Surface 
Altimetry product and it contains precise geo-location along with elevation of the footprint 
center. It also carries the centroid of waveform. Each same area product is linked by a common 
shot time and shot number.  
 
WorldView 2 
 
Digital Globe's WorldView-2 Satellite, launched on 8/10/2009, provides 0.5m Panchromatic 
(B&W) and 2m 8-band Multispectral mono and stereo satellite image data. It is orbiting at an 
altitude of 770km, in a Sun synchronous orbit with 10:30 am (local time) descending node. The 
Pan band has a Ground sample distance of .46m at nadir and 0.52 meters GSD at 20° Off-Nadir. 
The Multispectral band has 1.8 meters GSD at Nadir, 2.4 meters GSD at 20° Off-Nadir. The 
dynamic range is 11bits per pixel. The swath width is 16.4km at nadir. The revisit frequency is 
1.1 days at 1m GSD. Geo-location accuracy with registration to GCP’s is less than 2m. The 8 
bands carried onboard are shown in Figure 3.2. The 8 bands comprise of four standard colors 
(red, green, blue, and near-infrared1) and four new bands (coastal blue (400-450 nm), yellow 
(585-625 nm), red edge (705-745 nm), and near-infrared2 (860-1040nm)). Red edge band helps 
in monitoring plant health and moisture status. Near-infrared 2 band is less affected by 
atmospheric influence. Coastal band is useful in examining atmospheric correction techniques. 
Yellow band is useful in identifying yellowness characteristics of targets.  
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Figure 3.2: The 8 spectral bands of WorldView-2 data (adapted from DigitalGlobe) 

 
The 8 band plus Pan data, dated 23/10/2011 was procured from Digital globe. The geo-
referenced data came in Standard 2A format. Data had coarse DEM correction applied to it. The 
mean sun azimuth angle during acquisition was 168.5o and mean sun elevation angle was 47.8o. 
The geo-location accuracy of the delivered image data is approximately 5-6m (CE90). 
 
ALOS PALSAR  
          
ALOS PALSAR stands for Advanced Land Observing Satellite- Phase Array L-band Synthetic 
Aperture Radar. It was launched in 2005 by Japan. It is orbiting at an altitude of 691.65km, in a 
Sun synchronous orbit with 10:30 am (local time) descending node. It is having a repeat cycle 
of 46 days. PALSAR is a fully polarimetric instrument, operating in fine-beam mode with 
single polarisation (HH or VV), dual polarisation (HH+HV or VV+VH), or full polarimetry 
(HH+HV+VH+VV). It also features wide-swath ScanSARmode, with single polarisation (HH 
or VV). The centre frequency is 1270 Mhz (23.6 cm), with a 28 MHz bandwidth in fine beam 
single polarisation mode, and 14 MHz in the dual-, quad-pol and ScanSAR modes. The off-
nadir angle is variable between 9.9° and 50.8° (at mid-swath), corresponding to a 7.9 - 60.0° 
incidence angle range. In 5-beam ScanSAR mode, the incidence angle range varies from 18.0° 
to 43.0°. The ALOS Palsar quadpol Level 1.1 data, recorded on 9/4/2009, was supplied as de-
skewed image in JAXA-CEOS format with .slc extension. The look angle for the image is 21.5o, 
the range pixel size is 9.4m and the azimuth pixel size is 3.5m. The data was procured from 
www.eorc.jaxa.jp .  
 
 



 
 

25

4 Methodology 
 
This chapter includes field data collection techniques adopted as well as processing 
methodologies for the ICESat/GLAS waveform, WorldView-2 and ALOS-PALSAR polarized 
data. The overall methodology is shown in Figure 4.2. 
 
4.1 ICESat/GLAS data processing 
 
The standard methodology for the ICESat/GLAS data downloading and processing is available 
at the NSIDC website (http://nsidc.org/data/icesat). The downloaded product GLA14, GLA06 
and GLA01 include the global elevation product, geolocated footprints and transmitted as well 
as received waveforms respectively. The GLA06 product contains precise geo-location except 
for low amplitude returns where GLA14 can be used. The GLA14 product is in form of a data 
file that includes precise geo-location of the footprint centres along with the corresponding 
surface elevations. The GLA14, GLA06 product also includes the time (UTC) at which the 
waveform from a footprint is recorded and this time (UTC) is utilized to extract the raw 
waveforms from the GLA01 file. The GLA01 product is opened in the SCF_VISUALIZER that 
is provided by the NSIDC website. The IDL Virtual Machine needs to be downloaded for 
opening the icesatvis_ds.sav file that is provided by NSIDC to open the SCF_VISUALIZER. 
The GLA01 or other datasets can then be opened in the visualizer. The raw waveform window 
opened in the visualizer is shown in Figure 4.1. 
 

 
  

Figure 4.1: The raw waveform. 
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Figure 4.2: Detailed methodology. 

Extraction of 20 waveform parameters such as 
waveform distance, waveform extent, H50, H75, 
H25, R50, R75, R25, canopy return ratio etc. 

Creating NDVI, PC, EVI, OSAVI, RVI and 
Texture Images from very high resolution WV 2 
Imagery 

Deriving backscatter information and generating 
various decomposition images from ALOS Palsar 
quad pol data.  

Finding those microwave parameters which 
correlate best with ICESat height parameters. 

Deriving Biomass equations for outside the footprints 
using best correlated microwave parameters and optical 
parameters. 

Running RF algorithm on the combined 
dataset to find the variables which are most 
important in estimating biomass. 

Choosing best regression model for 
biomass estimation from amongst SVM, RF 
and Linear Multiple Regression. 

Field data collection 
and backdate 
biomass estimation 
at footprint level 
using yield tables. 

GLAS 01 Raw data 

Generating MatLab code for 
waveform parameter extraction and 
running it on waveforms derived 
from GLA 01 data. 

GLAS 14 Raw data Linking GLA 01 & 
GLA 14 through 
Shot no. , Record 
no. and IUTC time. 

Conversion from 
.DAT to ASCII 
using IDL VM. 

Ellipsoid correction. 

Footprint Geo- 
location on ground 
using very high 
resolution optical 
imagery and SRTM 
DEM. 

Extraction of GLA 
01 waveforms 
based on 
coordinates given 
by GLA14. 
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The waveform received has Volts on y axis and response bins of interval 1 nanosecond on the x 
axis. The data can also be had in photon counts/100 vs relative time as shown in Figure 4.3. The 
transmitted as well as received waveforms along with the respective sensor gains (in db) are 
also displayed on the curve. Estimates for mean and standard deviation of background noise are 
also available from the waveform window. The IUTC time that uniquely identifies the 
waveform is shown on the upper right corner. The predicted coordinates are also displayed on 
the top right but these should not be relied upon. The precise geo-location can only be had from 
the GLA14/GLA06 product. The waveform is later exported in form of a text file to be used for 
further processing.  
 

 
  

Figure 4.3: The waveform. 
 
A detailed MATLAB Code (Appendix 1) was generated to extract a total of 22 parameters using 
the waveform text file. These parameters (Figure 4.4) originally appeared in several different 
scientific papers and were later compiled by Duong (2010). The code incorporates all the steps 
mentioned in literature for the ICESat/GLAS waveform processing. The laser pulse of the 
ICESat system resembles a Gaussian function with a certain width, amplitude and peak location 
(mean value) (Figure 4.4). The signal intercepts with objects and the ground of the earth surface 
within the signal footprint. A part of the energy reflects from non-terrain objects, like trees and 
buildings, and the remaining energy reflects from the ground. The return signal is the so-called 
full waveform (Figure 4.1). The transmitted waveform along with the footprint (illuminated area 
on ground by a single pulse) dimension is shown in Figure 4.5. The footprint shape on ground is 
elliptical with axes measuring approximately 90m and 50m.   
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Figure 4.4: Parameters of a single waveform and their physical explanation (adopted from 
Duong, 2010). 
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The technique for waveform processing utilized by the Code is Gaussian Decomposition. 
Waveform de-convolution was also tried in combination with Gaussian decomposition. 
Waveform de-convolution is a technique that de-convolves the received pulse by the transmitted 
pulse to get the actual surface response by removing the system response. The de-convolved 
waveform can then be used for Gaussian decomposition. However, it was found that de-
convolved waveform was not much different from the raw waveform. Gaussian decomposition 
assumes that both the transmitted and received waveforms are Gaussian in nature and can be 
fitted reasonably well using Gaussian peaks. The transmitted waveform Wx(t) (Figure 4.5) is 
assumed to have a bell shape and modeled as a Gaussian function as follows: 
 

Wx(t) = Ax*e-(t-x)2/σ
x

2         (4.1) 

             

 
 
Figure 4.5: (a) Transmitted pulse and the footprint on ground. (b) A Gaussian bell shaped curve 
describing the transmitted pulse with amplitude Ax, peak position tx and width σx. (adapted from Duong, 
2010). 

                         
Here Ax is the amplitude of transmitted pulse, Tx is the mean value representing the peak 
location and σx represents width of transmitted pulse at half power. The received waveform is 
modeled as a sum of Gaussian components. Each Gaussian component is assumed to result 
from the interaction of the transmitted pulse with a specific object on the earth surface inside the 
footprint. The full waveform W(t) is thus represented as  
                  

           N 
   W(t) = ε + ∑ wn(t)       with       wn = An*e-(t-x)2/σ

x
2                  (4.2) 

          n=1 
                                                                                                                    

ε is the noise term, wn(t) is the nth Gaussian component. N is the total no. of components or the 
no. of different reflecting layers inside the footprint.   
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A Gaussian fitted waveform generated by the MATLAB code is shown for illustration purposes 
(Figure 4.6). The waveform is preprocessed before Gaussian fitting. The major steps involved in    

 
 
Figure 4.6: Gaussian Fitted Waveform is shown in green along with the raw waveform in yellow. The 
fitted waveform has 3 peaks in red with the 1st peak formed by the Sal canopy, 2nd peak formed by very 
dense Lantana bushes and 3rd peak from the ground. The blue line represents the noise threshold level 
above which the return is considered significant. The black slant line denotes canopy slope. 

 
preprocessing are waveform normalization, threshold determination, waveform smoothening 
and fitting. Each of these steps is described below: 
 
4.1.1 Waveform Normalisation 
 
The voltage waveform is first normalised to enable a comparison of waveforms captured in 
different epochs. For example, due to different atmospheric conditions or changes in the 
behaviour of the laser device, the amount of energy in the laser return pulse may vary with time, 
even if the terrain sampled by the laser pulse has not changed at all. The normalisation step 

Waveform start  

Waveform end 

Maximum Height 
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requires a division of the received energy Vi by the total energy VT, at the moment i (see 
Equation 4.3). After normalisation, the area under any waveform equals 1. 
                                                                                         M   
                                            VN(i)  =  Vi / VT    where    VT   =  ∑ Vi                                                       (4.3)                                                
                                                                                        i = 1 
 
where M is the no. of waveform bins, which is 1000 in our case. 
 
4.1.2 Threshold determination to extract real waveform signal 
 
The detector system continuously measures the incoming signal. It can be observed that initial 
few bins contain no useful information. From Figure (4.6), it can be seen that actual waveform 
starts from the 700th bin. Hence, first few bins represent noise and only the data above the noise 
threshold level is of use. In order to determine the noise threshold, first 200 bins are taken and 
from those the mean and standard deviation of noise are determined using the equations (4.4) 
and (4.5). 
   
                                                                200 
                                                          µn   =    ∑ VN(i)/200                                                        (4.4) 
                                                                i = 1 
 
                                                                       200 
                                          σn   =        ∑ (VN(i) – Mn)2 / (200 – 1))                                            (4.5)           
                                                     i = 1 
 
The threshold value Tn for distinguishing between noise and actual signal is determined as the 
mean plus four times the standard deviation (Lefsky et al., 2005) as described in Equation (4.6). 
The signal value at that part of the waveform that is below the threshold is set to zero. 
 
                                                          Tn   =   µn + 4* σn                                                                (4.6) 
 
This also helps in separating more noisy waveforms from the less noisy ones.  
 
4.1.3 Waveform smoothening and Gaussian fitting 
 
Decomposition of waveforms using Gaussian components was proposed by Brenner et al. 
(2003). From the real waveform signal, initial parameters need to be identified first for the 
fitting step, more precisely the number of peaks or modes together with width, amplitude and 
location for each mode. Due to the noisy nature of many waveforms, estimation of initial values 
from the raw signal results in a large number of modes with a low amplitude and a narrow 
width. Therefore, it is necessary to smooth the waveforms in order to get a smaller number of 
modes (Brenner et al., 2003). Although various smoothening algorithms are available in 
MATLAB user library, we have chosen Gaussian filter for smoothening. Smoothening using 
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other filters also produced similar results. The Gaussfit function in the MATLAB automatically 
smoothens the curve and then fits the smoothened curve with Gaussian components. Here user 
has to provide the no. of peaks desired as input. The no. of peaks were kept less than 6 (Duong, 
2010) and the final selection of the no. of peaks was made by the MATLAB Code (Appendix 1) 
based on the least RMS error between the fitted curve and the smoothened curve. In addition, 
the Code also implements the following 4 conditions of fitting (Duong, 2010). 

 
1. The no. of Gaussians is limited to 6. 
2. The minimum distance between neighbouring peaks is 1.5m 
3. The minimum sigma width of a peak is 30cm. 
4. The minimum amplitude of an individual peak is at least equal to the noise threshold. 

 
Similar code was developed for Gaussian fitting of the transmitted pulse (Appendix 1). After 
fitting, it is generally assumed that the last peak is the ground peak. Sometimes, this is not the 
case and the waveform has a tail bit longer than usual, caused by cloud conditions. This effect is 
often referred to as the ringing effect (Fricker et al., 2005). We observed this in two of our 
waveforms corresponding to footprint nos. 22 and 24.  
 
Finally, the Code is able to generate all the 22 parameters out of which 18 relevant parameters 
excluding pBegin, pEnd, wcanopy and wground were selected for biomass prediction. 40 
footprints were selected in total with gentle slopes (<10o) and not more than 3m ground 
elevation variation within the footprint. The reason for avoiding footprints with larger slopes is 
that slope correction cannot be done with the help of DEMs because DEMs are actually DSMs 
and do not provide ground elevations in closed canopy forest areas. Without slope correction, 
on steep slopes, the ground return in a waveform cannot be distinguished from canopy returns 
resulting in erroneous height estimates. Some work has been done by Xing et al. (2010) on 
slope correction using medium resolution DEMs but he concludes that more research is still 
needed to further reduce the terrain effect on estimating maximum forest canopy height, using 
GLAS waveform data, especially in terrain with slopes greater than 15o. The only possible 
solution to this lies in waveform simulation done using co-registered airborne LiDAR data or by 
other means yet to be discovered. 
 
4.2 Field data collection and determination of footprint size 
 
4.2.1 Precise Geolocation 
 
Precise geo-location for the ICESat data was required for initiating the field work. To account 
for systematic pointing errors, footprint geographic positions were refined by comparing the 
GLA06/GLA14 elevations with coincident elevations from a DEM. For all ICESat footprint 
locations along a track, we calculated correlation between the DEM and GLA06/GLA14 
elevations. The data were then offset in 1 pixel increments within a range of 100 m along 
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north/south and east/west axes, and the R2 recalculated. The profile location with the maximum 
R2 was then used to define the footprint locations. Two DEMs were used for this purpose, 
SRTM DEM and CARTODEM. SRTM DEM was resampled at 30m using Nearest Neighbour 
interpolation. CARTODEM which is available at 30m resolution was resampled at 10m. At the 
optimum location, the SRTM DEM produced an R2 value of 0.9943 and CARTODEM produced 
an R2 value of 0.9909(Figures 4.7 and 4.8) with one pixel (10m) displaced to the west. 
 

 
Figure 4.7: SRTM DEM vs GLAS elevations. 

 
 

 
Figure 4.8: CARTODEM vs GLAS elevations. 
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4.2.2 Phase 1 of field data collection  
 
The field data collection was done over 2 phases. The first phase, carried out in November 
2012, involved locating the footprint centers on ground with the help of a handheld Trimble 
Juno GPS set with an accuracy level of ± 2.5 m and the high resolution Google Earth imagery. 
The imagery helped in verifying the location reached by the GPS by observing the canopy gaps 
in relation to the footprint center (Figure 4.9). All the 40 footprint centers (Figure 4.10) were 
located on the ground and the trees near the footprint centers were marked. This phase also 
 

 
 
Figure 4.9 : Footprint center ( in pink ) shown relative to canopy gaps (shown in black). Distances from 
at least three gap centres are required to verify the geolocation. 
 

                                                                     
 
Figure 4.10 : Location of the 40 selected ICESat footprints on geo-referenced WorldView-2, Brovey 
fused product having 0.5m resolution. All the footprints lie in Kalsi Forest Division. 
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involved measuring heights of the 5 dominant trees within the circular footprint of 71m 
diameter  (the average of  major [92 m] and minor [50m] axes of the elliptical footprint over this 
area, as obtained by GLA01/14 products). Footprint size varies over time as a function of the 
power output from the laser (Harding and Carabajal, 2005).  The distance of these trees from the 
center were also measured. Some interesting facts were observed in certain footprints that led us 
to review the size of the footprint.  
 
4.2.3 Optimum size of the footprint for height and biomass assessment 
 
Certain footprints were observed to have trees, away from the center, much larger than the 
recorded waveform extent which is the largest possible dimension of the waveform for a given 
threshold value. Threshold is given by equation (4.6). Even if the constant of 3, instead of 4, is 
used in the equation (4.6), the waveform extent still falls considerably short of the observed tree 
height. The most striking example of this is displayed in the footprint shown in (Figure 4.11). 
The tower is at a distance of 32m from the precisely geo-located footprint center. The height of 
the tower is around 37m but the recorded waveform extent is only 25m. The trees near the 
footprint center are of 23.5m height. The tower is on the line joining the footprints hence lies on 
the major axis. The dimension for the semi-major axis provided is around 45m. This means that 
although the tower lies well within the footprint, it is not recorded by the return waveform. 
Laser pulses are known to record even the transmission wires, and tower is too bigger a 
structure to miss out (Note: Worldview-2 NIR-2 (860 - 1040 nm) band has also recorded it). 
This along with other such footprints led us to explore the correct footprint size.    
 

 
 
Figure 4.11: The distance of footprint center from the tower along the major axis of the footprint.  
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The explanation for this phenomenon lies in the bell shaped nature of the laser pulse (Popescu et 
al., 2011; Duong, 2010).  The energy distribution of an incoming GLAS shot is approximately 
Gaussian both along and across the laser beam, i.e., the vertical and horizontal directions (Fig. 
4.12). For a circular footprint with the horizontal energy distribution u(r) along the footprint can 
be approximated by the equation (4.7). 
 
                                                         u(r) = exp{ - 2*(r2/a2)}                                                         (4.7) 
        
where r is the radial distance from the footprint center and a is the nominal radius of footprint. 
For r = a, i.e., at the footprint edge energy falls to e-2 of the value at center. 
 

 
Figure 4.12 : A GLAS footprint on ground showing decreasing energy distribution away from center. 
 
Thus, we see that middle 25m radius portion of a circular footprint of radius 35m accounts for 
approximately 80% of the incident energy. This results in less energy incident on outer regions 
of the footprint and thus lesser energy is reflected back that may not be sufficient to record a 
response at the sensor. To confirm this fact, the maximum height data collected was classed into 
15m, 20m, 25m, 30m and 35m radii zones based on their distances from the center. It was found 
that the average of the highest trees recorded within 20m radius zone correlated best with the 
ICESat/GLAS parameter Wdistance or top tree height (Figure 4.13).  

 
Figure 4.13: Maximum height vs Wdistance. 

Major Axis 

Footprint Center 
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An R2 value of .9663 for 20m footprint radius indicates that ICESat/GLAS data is highly 
accurate in assessing the maximum height. These results have proven beyond doubt that this 
method of field data collection is better than that suggested by Sun et al. (2007) (Figure 4.14). 
The method proposed by Sun et al. (2007) resulted in an R2 value of 0.77 between the same two 
variables. Similar R2 values are reported by others who used the same method. 
  

 

  

 
 

 
 
 
Figure 4.14: Sampling plots within a GLAS footprint: Radius of sampling plots (small circle) is 7.5m. 
The distance between sampling plots is 22.5m (Sun et al., 2007). 
 
From the sample plots shown in Figure 4.14, 2 tallest trees are recorded from the middle plot 
and one each from the other three plots which are separated by 120o from each other. These tree 
heights are then averaged to get the maximum tree height. This averaging results in lowering the 
accuracy. It has been found that, in some footprints, even a single tall tree inside the middle 
20m portion has been recorded by the sensor. Another situation that may result in lower 
accuracy is when the tallest trees in the footprint would miss all the sample plots. Yet another 
reason lies in the too small a size (7.5m) of the middle plot. It has been shown that 70% of the 
energy is recorded by the middle 20m radius portion; hence more energy is reflected back by 
this portion and more of it should be included in the field work.  
 
A novel modeling approach was further tested to find the optimum size of the field plot for 
biomass assessment. The waveform parameter Rcanopy (Figure 4.4) denoted by equation (4.8) 
is simply the area under the canopy divided by the total area under the waveform. It denotes 
what portion of the energy received at the sensor comes from the canopy. 
 
                                                      Rcanopy  =  Erc / (Erc + Erl)                                                 (4.8)                 
 
The Erc is waveform area minus ground peak area and Erl is the ground peak area. These 
energies are recorded at the sensor level and are a function of corresponding energies at the 
ground level. The energy recorded at the sensor is attenuated by the atmospheric scattering and 
absorption. It is also affected by the LiDAR Field of View (Popescu et al., 2011), orientation of 
the scatterer (leaves, branches etc.) and the multiple scatterings within the canopy. These 
random effects cannot be modeled but atmospheric attenuation % (a’) has to be same for both 
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canopy energy return and ground energy return. Also, the canopy and ground energy returns at 
ground level are related to the area of the canopy and  area of the land facing the sensor, within 
a footprint,  as well as to the corresponding reflectivities (at 1064nm). The sensor is nadir-
looking hence projected area on ground is similar to area facing the sensor. The Laser energy is 
not constant at all points (Figure 4.12), therefore footprint is divided into 10 zones of width 
3.5m starting from 3.5m radius till 35m radius and incident energy Ei in each zone is calculated 
by using equation (4.7). Finally, Ercj and Erlj calculated by using the equations (4.9) and (4.10). 
 
                                                                                  Nj       
                                                          Ercj  =  ∑ Aci* Ei* Rc* a’                                                 (4.9) 
                                                                    i = 1 
 
                                                                                   Nj       
                                                          Erlj  =  ∑ Ali* Ei* Rl* a’                                                 (4.10) 
                                                                    i = 1 
 
where Nj is the no. of zones inside the footprint of a given size j, Aci and Ali denote % of canopy 
and land areas within zone i, Ei is the energy incident within a zone i, Rc(.42) and Rl(. 35) are the 
reflectivities of canopy and land respectively at 1064nm and a’ denote the atmospheric 
attenuation.  
 
Area proportions within a footprint were found out by first creating NDVI image from the 
WorldView-2 data. The NDVI image removes the effect of shadow. This image was then 
classified into 15 classes using unsupervised classification. The resulting image was then 
recoded into 2 classes, vegetation and land. Multiple ring buffers with 10 buffers of buffer size 
3.5m were created around the selected footprint centers. The area proportions within each buffer 
(zone) were then extracted for each location by making use of Extract by Mask and Raster 
Calculator tools in ArcToolbox.  
 
By making use of equations (4.8 – 4.10), Rcanopyj for all footprint sizes j were calculated for 
each of the 20 locations. These locations were chosen on the basis of same transmitted pulse 
energy and same date of acquisition, i.e., 14th Oct 2008. Thus, for each location we get 10 
values of Rcanopy. These values were then individually correlated with the same parameter 
derived from the MATLAB code, for each location, to find out the optimum footprint size. The 
resulting correlation coefficients and R2 values are presented in Table 4.1. The table shows that 
correlation decreases significantly beyond 21m size showing that majority of the information 
recorded at the sensor is contained within this portion only. The correlation increases to a 
maximum at 17.5m and then decreases. This along with the results obtained from the analysis of 
height data led us to choose a footprint size of 20m for data collection in phase 2.  
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Table 4.1: Correlation between waveform derived Rcanopy and modeling based Rcanopy for different 
footprint sizes.  
 

Footprint Size(m) Correlation Coefficient R2 
3.5 0.545993297 0.298109 
7 0.616821638 0.380469 

10.5 0.702332711 0.493271 
14 0.695346481 0.483507 

17.5 0.721228677 0.520171 
21 0.567654806 0.322232 

24.5 0.170898111 0.029206 
28 0.111381175 0.012406 

31.5 -0.096023633 0.009221 
35 -0.230552476 0.053154 

 
4.2.4 Phase 2 of field data collection  
  
Phase 2 of field data collection was completed by the middle of February 2013. It involved 
measuring diameters and height of the trees in 20m circular plots with centers already marked in 
phase 1. 8 ropes of length 20m each were used to divide the plot into equal octets, wherever 
possible. This arrangement helped us to restrict ourselves within the circular shape. The data 
was collected from 40 such plots (Figure 4.10). The Species Volume Equations from FSI 
(Appendix 2) were used to calculate the volume of trees inside the footprint. The volumes were 
then multiplied by specific gravity values for respective trees (Appendix 2). Finally, BEF’s 
(Appendix 2) were used to convert timber volumes to AGB.  
 
4.2.5 Back date height and biomass estimation 
 
Height and biomass data were collected between November 2012 and February 2013. The 
ICESat data was recorded in October and December 2008. This required a height and biomass 
correction. The height correction was done using yield tables for Shorea robusta for different 
site qualities. Shorea robusta was found as the dominant crop within the footprints. The site 
quality data for each compartment was taken from the Working Plan of Kalsi Soil and Water 
Conservation Division. The site quality for a compartment is determined by plotting height 
(average height of 3 highest trees in each diameter class) vs. mid diameter (for a given diameter 
class) curve. This curve is compared with the reference curves for different site qualities. The 
reference curve with the least deviation from the plotted curve gives the site quality of the 
compartment. The yield table corresponding to this site quality was then used for height 
correction. The yield tables are applicable to even aged, fully stocked and regularly thinned 
plantations. The Doon Valley area was raised as a plantation by the British. After independence, 
conversion to uniform has been the dominant management practice under different working 
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plans (Kalsi W.P. 2001-11). Hence, continuous attempts have been made to maintain the even-
aged nature of the plantation. The mean basal area within a footprint is found by using 
equations (4.11) and (4.12). 
 
                     N 
                                                     Mean Basal Area  =  ∑ BAi/N                                           (4.11) 
                                                                                 i = 1 
  
                                                                           BAi  =  3.14*di

2/4                                         (4.12) 
 
where N is the no. of trees inside a footprint and BAi denotes basal area of the ith tree and di 
denotes diameter of the ith tree. Crop diameter corresponding to mean basal area is found using 
equation (4.12). Crop diameter is then used to determine the age and thus height increment 
expected with age from the yield tables. The 4 year increment (around .25m for 90% of the 
footprints) was subtracted from the height data obtained from the field to arrive at correct 
heights. It is a well known fact that tree height increases rapidly in the first few years and then it 
gradually slows down as the tree ages. This height increment is even less than the tolerable error 
(.5-1m) of the measuring instrument (Laser rangefinder in this case, where the tree top is not 
visible due to the closed canopy). Thus, for all practical purposes, this height correction is not 
needed. Hence, ICESat data, which is more sensitive to height, can be assumed to be neutral to 
this small time period of 4 years for the purpose of height and thereby the biomass calculation.  
The biomass values were however corrected for the previous year. The Worldview-2 data was 
acquired by the sensor in October 2011 and hence 1 year backdate biomass was calculated from 
the yield tables. Based on the crop diameter for a footprint, the CAI for the year was read from 
the yield table. This CAI was subtracted from the timber volume calculated for the footprint. 
The biomass was then derived by multiplying corrected volume by density and BEF values. 
 
 4.3 WorldView-2 data processing 
 
The WorldView-2 geo-referenced data was acquired in Standard 2A format. It has a coarse 
DEM correction already applied to the image data. The mean sun azimuth angle is 168.5o and 
mean sun elevation angle is 47.8o. The geo-location accuracy of the delivered image data is 
approximately 5m (CE90). CE90 stands for circular error at 90% confidence, which is the 
location error. A relative radiometric correction is performed on raw data from all detectors in 
all bands during the early stages of WorldView-2 product generation. This correction includes a 
dark offset subtraction and a non-uniformity correction (e.g. detector-to-detector relative gain). 
Thus, defects such as banding, stripes and shot noise are removed by the data provider hence the 
data is radio-metrically corrected. The next very important step is conversion to top of 
atmosphere spectral radiance. 
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4.3.1 Conversion to top of atmosphere spectral radiance 
 
WorldView-2 products are delivered to the customer as radiometrically corrected image pixels. 
Their values are a function of how much spectral radiance enters the telescope aperture and the 
instrument conversion of that radiation into a digital signal. That signal depends on the spectral 
transmission of the telescope and MS filters, the throughput of the telescope, the spectral 
quantum efficiency of the detectors, and the analog to digital conversion efficiency. Top-of-
atmosphere spectral radiance is defined as the spectral radiance entering the telescope aperture 
at the WorldView-2 altitude of 770 km. The conversion from radiometrically corrected image 
pixels to spectral radiance Lλ[W-m-2-sr-1-µm-1] uses the following general equation (4.13) for 
each band of a WorldView-2 product:  
 
                                                             Lλ = Kband*DNband/ ∆λband                                              (4.13) 
 
where Kband[W-m-2-sr-1-count-1] is absolute radiometric calibration factor,  DNband [counts] is the 
digital number of the pixel in a given band and ∆λband[µm] is the effective bandwidth for the 
given band. The absolute radiometric calibration factor Kband is dependent on the specific band, 
as well as the TDI exposure level, line rate, pixel aggregration, and bit depth of the product. 
Based on these parameters, the appropriate value is provided in the .IMD file, supplied by the 
data vendor. Similarly, effective bandwidth for each band was also had from the .IMD file. The 
conversion was carried out in ERDAS Imagine Model Maker.  
 
4.3.2 Atmospheric correction 
 
The WorldView-2 data were then atmospherically corrected in order to reduce haze as well as 
other atmospheric and solar illumination influences. The atmospheric transmittance, direct and 
diffuse solar flux, and path radiance need to be estimated for atmospheric correction. These can 
be estimated using FLAASH module in ENVI. The FLAASH stands for Fast Line of Sight 
Atmospheric Analysis of Spectral Hypercubes. The model performs well when input 
requirements for water and aerosol retrieval are met. The water retrieval is performed when 
image bands span one of the following bands with a spectral resolution of 15nm or better: 1050-
1210nm, 770-870nm and 870-1020nm. FLAASH also includes a method for retrieving the 
aerosol amount and estimating a scene average visibility using a dark pixel reflectance ratio 
method based on work by Kaufman et al. (1997). The dark-land pixel-retrieval method requires 
the presence of sensor channels around 660 nm and 2100 nm. A dark-land pixel is defined to be 
one with a 2100 nm reflectance to be .1 or less. The ratio of radiant energy reflected by a body 
to the energy incident on it, usually denoted as a percentage of 0.1 or less and a 660:2100 
reflectance ratio of approximately 0.45. If the input image contains bands near 800 nm and 420 
nm, an additional check is performed, requiring the 800:420 radiance to be 1 or less, which is 
able to eliminate shadows and water bodies. It is thus able to work on the WorldView-2 sensor 
although both requirements are partially met.  
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4.3.3 Extraction of parameters from WorldView-2 data 
 
The next step involved extraction of optical parameters from 20m footprints. As mentioned 
above, WV2 data is having geo-location accuracy of the order of 4-5m. Hence, it was decided to 
extract parameters form 25m radius buffer around the footprint center. Both the spectral and 
texture parameters were extracted. Texture images were generated using ENVI while the 
spectral parameters were extracted using ERDAS Imagine and Extract by Mask functionality in 
ArcMap. For generating texture images, AOI’s of 25m around the footprint centers (40 in 
number) were cut and texture analysis was carried out individually on the AOI’s. The window 
size chosen was 5x5 due to the small size of the AOI images (25x25). A total of 149 parameters 
were extracted for each of the 40 footprints. These parameters are displayed in the Table 4.2. 
 
Table 4.2: Texture and spectral parameters derived from the optical data.  
 
S. No. Parameter Explanation 
1 pca1min Minimum First Principal Component 
2 pca1max Maximum First Principal Component 
3 pca1mean Mean First Principal Component 
4 pca1stdev Standard deviation First Principal Component 
5 pca2min Minimum Second Principal Component 
6 pca2max Maximum Second Principal Component 
7 pca2mean Mean Second Principal Component 
8 pca2stdev Standard deviation Second Principal Component 
9 pca3min Minimum Third Principal Component 
10 pca3max Maximum Third Principal Component 
11 pca3mean Mean Third Principal Component 
12 pca3stdev Standard deviation Third Principal Component 
13 ndvi1min Minimum NDVI with NIR1 band 
14 ndvi1max Maximum NDVI with NIR1 band 
15 ndvi1mean Mean NDVI with NIR1 band 
16 ndvi1stdev Standard deviation NDVI with NIR1 band 
17 ndvi2min Minimum NDVI with NIR2 band 
18 ndvi2max Maximum NDVI with NIR2 band 
19 ndvi2mean Mean NDVI with NIR2 band 
20 ndvi2stdev Standard deviation NDVI with NIR2 band 
21 evi1min Minimum EVI with NIR1 band 
22 evi1max Maximum EVI with NIR1 band 
23 evi1mean Mean EVI with NIR1 band 
24 evi1stdev Standard deviation EVI with NIR1 band 
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25 evi2min Minimum EVI with NIR2 band 
26 evi2max Maximum EVI with NIR2 band 
27 evi2mean Mean EVI with NIR2 band 
28 evi2stdev Standard deviation EVI with NIR2 band 
29 osavi1min Minimum OSAVI with NIR1 band 
30 osavi1max Maximum OSAVI with NIR1 band 
31 osavi1mean Mean OSAVI with NIR1 band 
32 osavi1stdev Standard deviation OSAVI with NIR1 band 
33 osavi2min Minimum OSAVI with NIR2 band 
34 osavi2max Maximum OSAVI with NIR2 band 
35 osavi2mean Mean OSAVI with NIR2 band 
36 osavi2stdev Standard deviation OSAVI with NIR2 band 
37 irrvi1min Minimum RVI with NIR1 band 
38 irrvi1max Maximum RVI with NIR1 band 
39 irrvi1mean Mean RVI with NIR1 band 
40 irrvi1stdev Standard deviation RVI with NIR1 band 
41 irrvi2min Minimum RVI with NIR2 band 
42 irrvi2max Maximum RVI with NIR2 band 
43 irrvi2mean Mean RVI with NIR2 band 
44 irrvi2stdev Standard deviation RVI with NIR2 band 
45 irgvi1min Minimum GVI with NIR1 band 
46 irgvi1max Maximum GVI with NIR1 band 
47 irgvi1mean Mean GVI with NIR1 band 
48 irgvi1stdev Standard deviation GVI with NIR1 band 
49 irgvi2min Minimum GVI with NIR2 band 
50 irgvi2max Maximum GVI with NIR2 band 
51 irgvi2mean Mean GVI with NIR2 band 
52 irgvi2stdev Standard deviation GVI with NIR2 band 
53 cbluemin Minimum Coastal Blue band 
54 cbluemax Maximum Coastal Blue band 
55 cbluemean Mean Coastal Blue band 
56 cbluestdev Standard deviation Coastal Blue band 
57 bluemin Minimum Blue band 
58 bluemax Maximum Blue band 
59 bluemean Mean Blue band 
60 bluestd Standard deviation Blue band 
61 greenmin Minimum Green band 
62 greenmax Maximum Green band 
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63 greenmean Mean Green band 
64 greenstd Standard deviation Green band 
65 yellowmin Minimum Yellow band 
66 yellowmax Maximum Yellow band 
67 yellowmean Mean Yellow band 
68 yellowstdev Standard deviation Yellow band 
69 redmin Minimum Red band 
70 redmax Maximum Red band 
71 redmean Mean Red band 
72 redstdev Standard deviation Red band 
73 rededgemax Minimum Rededge band 
74 rededgemin Maximum Rededge band 
75 rededgemean Mean Rededge band 
76 rededgestdev Standard deviation Rededge band 
77 nir1min Minimum NIR1 band 
78 nir1max Maximum NIR1 band 
79 nir1mean Mean NIR1 band 
80 nir1stdev Standard deviation NIR1 band 
81 nir2min Minimum NIR2 band 
82 nir2max Maximum NIR2 band 
83 nir2mean Mean NIR2 band 
84 nir2stdev Standard deviation NIR2 band 
85 %areacanopy Canopy Area percentage 
86 mean1 GLCM mean band 1 
87 variance1 GLCM variance band 1 
88 homogeneity1 GLCM homogeneity band 1 
89 contrast1 GLCM contrast band 1 
90 dissimilarity1 GLCM dissimilarity band 1 
91 entropy1 GLCM entropy band 1 
92 angular second moment1 GLCM angular second moment band 1 
93 correlation1 GLCM correlation band 1 
94 mean2 GLCM mean band 2 
95 variance2 GLCM variance band 2 
96 homogeneity2 GLCM homogeneity band 2 
97 contrast2 GLCM contrast band 2 
98 dissimilarity2 GLCM dissimilarity band 2 
99 entropy2 GLCM entropy band 2 
100 angular second moment2 GLCM angular second moment band 2 
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101 correlation2 GLCM correlation band 2 
102 mean3 GLCM mean band 3 
103 variance3 GLCM variance band 3 
104 homogeneity3 GLCM homogeneity band 3 
105 contrast3 GLCM contrast band 3 
106 dissimilarity3 GLCM dissimilarity band 3 
107 entropy3 GLCM entropy band 3 
108 angular second moment3 GLCM angular second moment band 3 
109 correlation3 GLCM correlation band 3 
110 mean4 GLCM mean band 4 
111 variance4 GLCM variance band 4 
112 homogeneity4 GLCM homogeneity band 4 
113 contrast4 GLCM contrast band 4 
114 dissimilarity4 GLCM dissimilarity band 4 
115 entropy4 GLCM entropy band 4 
116 angular second moment4 GLCM angular second moment band 4 
117 correlation4 GLCM correlation band 4 
118 mean5 GLCM mean band 5 
119 variance5 GLCM variance band 5 
120 homogeneity5 GLCM homogeneity band 5 
121 contrast5 GLCM contrast band 5 
122 dissimilarity5 GLCM dissimilarity band 5 
123 entropy5 GLCM entropy band 5 
124 angular second moment5 GLCM angular second moment band 5 
125 correlation5 GLCM correlation band 5 
126 mean6 GLCM mean band 6 
127 variance6 GLCM variance band 6 
128 homogeneity6 GLCM homogeneity band 6 
129 contrast6 GLCM contrast band 6 
130 dissimilarity6 GLCM dissimilarity band 6 
131 entropy6 GLCM entropy band 6 
132 angular second moment6 GLCM angular second moment band 6 
133 correlation6 GLCM correlation band 6 
134 mean7 GLCM mean band 7 
135 variance7 GLCM variance band 7 
136 homogeneity7 GLCM homogeneity band 7 
137 contrast7 GLCM contrast band 7 
138 dissimilarity7 GLCM dissimilarity band 7 
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139 entropy7 GLCM entropy band 7 
140 angular second moment7 GLCM angular second moment band 7 
141 correlation7 GLCM correlation band 7 
142 mean8 GLCM mean band 8 
143 variance8 GLCM variance band 8 
144 homogeneity8 GLCM homogeneity band 8 
145 contrast8 GLCM contrast band 8 
146 dissimilarity8 GLCM dissimilarity band 8 
147 entropy8 GLCM entropy band 8 
148 angular second moment8 GLCM angular second moment band 8 
149 correlation8 GLCM correlation band 8 

 
 
In the above table band values, principal components, vegetation indices, simple ratios and 
texture parameters were used. Band reflectance values were incorporated for testing their 
sensitivity to biomass changes. The red edge band of WV2 has a lot of potential in this regard. 
Red edge denotes the portion on the spectral curve of vegetation where the slope within the R-
NIR region is maximum. Its exact position in 705-745nm region is extremely sensitive to the 
moisture status, phenology as well as health status of the plant. It also aids in classification of 
vegetation. First 3 principal components carrying 99% of the data variance were added to find 
which PC is most sensitive to biomass. PC’s help in reducing the dimensionality of the data and 
different PC’s carry mutually exclusive information. Vegetation indices like EVI (Huete et al., 
2002), NDVI and OSAVI (Rondeaux et al., 1996) were added because of their proven utility in 
separating vegetation from other classes. NDVI is calculated by equation (4.14), EVI is 
calculated by equation (4.15) and OSAVI is calculated by equation (4.15). 
 
                                              NDVI = (NIR − RED)/(NIR + RED)                                       (4.13) 
 
                          EVI = 2.5 × ((NIR − RED)/(NIR +6 × RED – 7.5xBLUE + 1))                  (4.14)                        
 
                                  OSAVI = (NIR − RED)/(NIR + RED + YELLOW)                            (4.15)         
 
Certain simple ratios which have been found useful for biomass assessment were also added. 
The ratios used were RVI and GVI (Eckert, 2012). RVI is calculated by equation (4.16) and 
GVI is calculated by equation (4.17). All these index images and ratio images were generated   
 
                                                                RVI = NIR/RED                                                     (4.16) 
 
                                                             GVI = NIR/GREEN                                                   (4.17) 
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using ERDAS Imagine Model Maker. The parameters indicating maximum, minimum, mean 
and standard deviation of the above variables were used to cover not only the average but also 
the range of these variables inside the footprints. Since footprints are much bigger than the pixel 
size (2m), it makes sense to use them. The use of these parameters finds mention in literature 
also (Hyde et al., 2005; Hyde et al., 2006).  
 
In addition to the spectral information, high resolution optical imagery can provide valuable 
texture information. The grey level co-occurrence texture measures were derived using a 5x5 
window size for each band separately. These measures include mean, variance, homogeneity, 
contrast, dissimilarity, entropy, second moment, and correlation. Co-occurrence measures use a 
gray-tone spatial dependence matrix (GLCM) to calculate texture values. This is a matrix of 
relative frequencies with which pixel values occur in two neighbouring processing windows 
separated by a specified distance and direction. It shows the number of occurrences of the 
relationship between a pixel and its specified neighbour. The most important variable to be 
selected before deriving a GLCM matrix is the displacement vector (distance and direction). 
The displacement vector is chosen by following well known Zucker and Terzopoulos criterion. 
The displacement vector is chosen based on maximisation of a statistical measure given by the 
above criterion. A brief explanation of co-occurrence measures is provided here. Variance 
denotes the sum of difference between central pixel and its neighbourhood pixels. Contrast is a 
measure of local variations present in the image. More values away from the diagonal of GLCM 
matrix denote high contrast. Dissimilarity would also be high if more values are away from the 
diagonal of GLCM matrix. Homogeneity refers to values clustered around the main diagonal in 
a GLCM matrix. A heterogeneous image on other hand will have values evenly spread over 
GLCM matrix. Entropy denotes the information content. If all the values inside the GLCM 
matrix are of nearly equal magnitude, the entropy would be high. Angular second moment is the 
sum of squared values of GLCM matrix. Correlation is a measure of image linearity. 
Correlation will be high if image contains considerable amount of linear structure.  
 
4.4 ALOS PALSAR data processing 
 
ALOS PALSAR level 1.1 quad polarized data was acquired to find a possible correlation with 
the ICESat derived height parameters. Level 1.1 data was recorded on 9/4/2009 and supplied as 
deskewed image  in .slc format. The look angle for the image is 21.5o, the range pixel size is 
9.4m and the azimuth pixel size is 3.5m. The data which was originally not geo-referenced was 
later geo-referenced using ASF MapReady 3.1 software. The data was processed using 
PolSARpro_v4.2 software. Both these softwares are supplied by the European Space Agency 
(earth.esa.eo.int), for education and research purposes, free of cost.  
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4.4.1 Quad polarized data 
 
The quad-pol data consists of HH, HV, VH and VV polarizations. The notation describes the 
sent and received polarization states. The complex data image file contains the amplitude as 
well as phase information received from each pixel (9.4m x 3.5m). The information is contained 
in form of Acosθ as real part and Asinθ as the imagery part. Here θ is the phase angle at which a 
Horizontal or Vertical polarized wave is received by the sensor and A denotes the amplitude of 
the received wave. The phase information contained in different polarized states along with the 
corresponding backscatter values provides an additional signature of the reflecting object. It is 
expected to aid in better classification as well as in bringing out the physical properties better.  
 
4.4.2 Multilooking 
 
The pixel dimension of 9.4m is along the range direction. It needs to be converted to equivalent 
dimension on ground. The equivalent dimension on ground is given by Range resolution/Sin 
(Look angle at center of scene). Thus, using a look angle of 21.5o, the pixel size in range 
direction on ground comes out to be 25.64m. In order to equalize dimensions in ground range 
and azimuth directions, image can be multi-looked using 7 looks in the azimuth direction for 1 
look in range direction. The 7 looks result in 3.5*7= 24.5m resolution in azimuth direction and 
thus 25m can be the pixel size on ground for geo-coding purposes. The incoherent multi-
looking can be carried out in PolSARpro software during data extraction. Multi-looking process 
results in a better radiometric resolution (reduces the speckle by averaging out intensity over a 
larger area) but it is at the cost of a poorer spatial resolution.  
 
4.4.3 Coherent vs. Incoherent decomposition 
 
Polarimetric decompositions are classified as coherent and incoherent decompositions. The 
objective of the coherent decompositions is to express the scattering matrix as a combination of 
the scattering responses of simpler objects. The scattering matrix [S]2x2 is expressed by the 
equation (4.18) where [S]i  stands for the response of every one of the simpler objects and 
 
                                                      [S]  =                      =  ∑ ki*[S]i                                         (4.18) 
 
 ki indicates the weight of [S]i in the combination leading to the measured matrix [S]. For 
scattering matrix [S] to characterize the scattering process produced by a given target, both the 
incident and the scattered waves should be completely polarized. Consequently, coherent target 
decompositions can be only employed to study the so-called coherent targets. These scatterers 
are also known as point or pure targets and coherent decomposition helps in studying the 
physical properties of these pure targets. However, in actual practice, pure targets are seldom 
encountered except when calibration of SAR imagery is done using trihedrals. The SAR image 
pixels are largely composed of distributed scatterers and not pure scatterers and the analysis of 

SHH   SHV 

SVH   SVV 
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distributed scatterers is performed by the means of so called incoherent decomposition. A 
distributed scatterer pixel in a SAR image is formed by the coherent addition of the responses of 
the elementary scatterers within the resolution cell. It is not having a dominant scatterer and the 
response given by complex Gaussian scattering model is known as speckle. The pure targets, on 
the other hand, have a dominant scatterer response in addition to the speckle response. 
Quantitatively, the ratio of dominant scatterer response to the speckle response helps in 
separating a pure target from the distributed target. However, a qualitative way to differentiate 
pure from distributed scatterers is to consider their physical nature. A rough division would be 
to consider the man-made targets (buildings, roads etc.) as pure targets, whereas natural targets 
can be considered as distributed. Forests, agricultural areas, water bodies and bare soils have to 
be considered as distributed targets. As, we were dealing with forests, we utilised incoherent 
decompositions to study the properties of the scatterer.  
 
4.4.4 Freeman 3 Components decomposition 
                                                     
As explained above, distributed scatterers cannot be analysed using scattering matrix [S] due to 
the presence of speckle noise. The presence of speckle noise allows distributed scatterers to be 
characterized, only statistically. The speckle noise is reduced by utilizing second order 
polarimetric representations of the scattering matrix. These are 3x3, Hermitian average 
covariance [C3] and coherency [T3] matrices. Both these representations are equivalent and have 
the same eigenvalues. However, [T3] is closer related to physical and geometrical properties of 
the scattering process, and thus allows a better and direct physical interpretation while [C3] is 
directly related to the system measurable. Incoherent decomposition involves expressing the 
[C3] or [T3] matrix as the combination of second order descriptors which correspond to the 
scattering responses of simpler objects. These decompositions are shown by equations (4.19) 
and (4.20). Here [T]i([C]i) stands for the response of the simpler objects and ti(ci) denote the  

 
                                                                [T3]  = ∑ ti*[T]i                                                       (4.19) 
 
                                                                [C3]  = ∑ ci*[C]i                                                      (4.20) 
 
weight or power scattered by the respective components. The [T]i([C]i)’s are not unique but 
present a different set of physical scatterers under different incoherent decompositions. Freeman 
3 component decomposition is one such incoherent decomposition that models the covariance 
matrix as the contribution of following three scattering mechanisms : 
1. Volume scattering where a canopy scatterer is modelled as a set of randomly oriented dipoles.  
2. Double-bounce scattering modelled by a dihedral corner reflector.  
3. Surface or single-bounce scattering modelled by a first-order Bragg surface scatterer.  
 
It was assumed that the height of trees should be a factor affecting the magnitudes of the above 
three scattering powers. Hence, after carrying out Freeman-3 decomposition in the PolSARpro 



 
 

51

software, the resulting volume scattering, surface scattering and double bounce scattering 
images were geo-coded with a pixel size of 25m, in UTM projection, utilizing Range Doppler 
approach. The geocoding was done through ASF MapReady software which required SRTM 
DEM as an input to verify the final geolocation accuracy. The images were later exported in 
Geotiff format to be used by ArcGIS/ERDAS softwares for further processing. Slight geo-
referencing errors were found in these images when compared to the same area optical images. 
Hence, as an additional step,  the image to image registration was carried out by using an 
archival Doon Valley LandSat (30m) image as reference, in the ERDAS Imagine software. The 
LandSat image was chosen for its comparable pixel size. The images registered well, with an 
RMS error of less than a pixel. Finally, scattering power values (in db) were extracted from a 
25m buffer around the footprint centers.  
 
4.5 Random Forest Methodology  
 
The Random Forest technique is a relatively newer technique and hence needs some 
elaboration. Understanding the philosophy behind the Random Forest algorithm is necessary for 
its successful application. Here, we have presented a simplified version of the Random Forest 
technique invented by Breiman (2001). These insights were gained while working with the 
Random Forest technique. How a tree is grown needs to be explained before making sense of 
Random Forest. A CART (classification and regression tree) is fed with a training set which 
comprises of a no. of observations with each observation consisting of independent and 
dependent values. At each node, starting from the root or the first node, the independent 
parameter that splits the data best is chosen. Best split is characterised by the least Gini impurity 
Index (greedy splitting rule). Gini index is very simple to calculate and it rewards splits 
(horizontal and vertical lines) which create homogenous classes. Once we have understood that 
how a tree is grown, the next important concept is bagging.  
 
Bagging means bootstarp aggregation. Unstable predictors are ideal candidates for bagging. 
Bootstrapping essentially means generating large datasets from a single dataset by sub-setting 
the original dataset, with replacement. That is, we grow individual trees on a subset of training 
dataset and not the whole training dataset. The observations not included under a particular tree 
are called Out of Bag or dataset. These out of bag datasets help in estimating standard error of 
prediction on training OoB dataset. Finally, we bag the individual trees grown on bootstrapped 
dataset or, in simple terms, we grow the trees on the combined bootstrapped datasets of the 
bagged trees. The advantage of bagging is that it helps in reducing variance by averaging out the 
response of individual trees. Variance denotes the degree to which an individual tree is different 
from the average tree. Thus, better prediction accuracy results when bagged trees are fed on the 
test sample.  
 
Random Forest is a specialized bagging technique. Bagging is not able to reduce variance when 
p is relatively large in comparison to the no. of observations. The reason for this is much lesser 
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de-correlation between the bootstrapped samples for larger values of p. To increase the de-
correlation between samples, Breiman (2001) superimposed another form of randomness on the 
bootstrapped samples. He did this by using a subset of independent variables mtry, in place of 
the full set of independent variables p, for each observation of a bootstrapped sample. Thus, 
Random Forest can give large numbers of de-correlated trees even if the no. of variables p, 
outnumber the no. of observations M. This is the greatest strength of Random Forest algorithm.  
 
Another very important outcome of Random Forest technique is the prediction of Variable 
Importance. The Variable Importance is calculated by running OoB data down each tree. If the 
split is on the variable ‘v’ whose importance is desired, a random assignment either to the left or 
to the right is made. This is also called noising up the variable. Finally, a prediction value is got 
under the tree. The process is repeated for all the trees which contain the variable ‘v’ and final 
predicted values are averaged. This is called noised up OoB average. Find the prediction error 
by subtracting the OoB average from the non-noised up OoB average. More is the prediction 
error, more important is the variable. The reason for this lies in the fact that split of an important 
variable will be closer to the root node, hence in a noised up situation, the terminal node 
assignment for the data point would be far away from its actual terminal node assignment. 
Variable importance is extremely important in separating more useful variables from less useful 
ones and hence in reducing the dimensionality of data. These more important variables can be 
later used by other algorithms to develop prediction models for the desired output variable.  
 
4.6 SVM Regression Methodology 
 
Perhaps the most important decision regarding the support vector machine regression is the 
choice of the kernel. Once the kernel is fixed, SVM classifiers have only one user-chosen 
parameter (the error penalty), but the kernel is a very big rug under which to sweep parameters. 
Some work has been done on limiting kernels using prior knowledge (Scholkopf et al., 1998a; 
Burges, 1999), but the best choice of kernel for a given problem is still a research issue. 
However, we shall be examining the prediction accuracies using all the 4 kernel functions 
available in Statistica. The limitation of SVM regression is its inability to predict variable 
importance. However, in certain circumstances, for same set of variables, it has been found that 
SVM performs much better than other regression algorithms. The methodology has been 
discussed at greater length in Chapter 6. 
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5 Results 
 

The biomass and 167 parameters (optical and LiDAR derived) for each of the 40 footprints were 
compiled in an excel sheet. The excel sheet was imported to the Statistica software to run 
Random forest and SVM regression algorithms.  
 
5.1 Results from Random Forest regression 
 
Random forest algorithm requires a judicious selection of 2 input parameters, i.e., mtry and n.  
mtry is the no. of variables fed to each predictor tree. It is generally less than the total no. of 
variables p (167 in this case). The default value for mtry used by the algorithm is log2M+1, 
where M is the total no. of observations. However, when there are reasons to believe that the 
most of the underlying variables are strong in explaining the dependent variable, then mtry 
should be as close as possible to p. In other words, random forest approach in that case looks 
like more of a bagging approach. In our case, since we had largely chosen the underlying 
variables from the literature, based on their proven utility in explaining the dependent variable, 
we chose mtry value closer to p. Later, it was found that our chosen value of mtry (100) was better 
than default mtry value as the standard error of predictions was found to be lower with mtry (100). 
Further increase in mtry value did not yield significant decrease in standard error. Other 
important parameter that should be chosen with care is n, which denotes the minimum no. of 
observations per terminal node. We chose 1 observation per terminal node. That meant that the 
individual tree grows fully or really deep on the chosen bootstrapped training dataset. If you 
choose value of n more than 1, it will have the effect of pruning the last branches of the fully 
grown tree till the splits which have at least n no. of cases. If computational time is not a 
consideration then for better accuracy, n should be chosen closer to 1. Random forest with 2000 
trees and mtry value of 100 and n equal to 1 was grown as shown below (Figure 5.1). 
 

 
 
Figure 5.1: Average squared error versus number of trees in Random Forest. The training and testing 
error have become stable after 1500 trees. 
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One of the regression tree is shown below (Figure 5.2). The observed vs. predicted values of 
 

 
 
Figure 5.2: Tree diagram showing wextent at the root node with a split value of 37.52. 
 
biomass are shown (Figure 5.3) with an R2  value of .835. Thus, 83.5% of the variations of 
observed biomass within a footprint can be explained by the Random Forest algorithm with an 
average squared error of 6.163 at footprint level that translates to an RMSE of 20.57t/ha.  
 

 
 
Figure 5.3:  Random Forest predicted biomass (tonnes) versus observed biomass (tonnes) per footprint.   
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The above predictions are based on all of the 167 independent variables. A smaller set of 
variables which is more important than the rest in explaining the variability of biomass is 
desired. The predictor importance derived from RF is displayed below (Figure 5.4). The figure  
 

 
 
Figure 5.4: Variable importance as predicted by Random Forest. All the variables are shown here. 
 
shows an intimate mix of lidar, spectral and texture parameters. This proves that a synergy of 
different sensors is required for better biomass predictions. The more important parameters can 
be used by multiple regression algorithms for modeling biomass equations. However, it must be 
told that as the input parameters (no. of trees, mtry and n) are changed, the mutual rankings of 
these variables also change but the overall set of 20-25 most important variables remain mostly 
undisturbed. The more important parameters can be also found by running Random Forest 
individually on lidar, spectral and texture datasets. The variable importance graphs as well as 
predicted versus observed biomass graphs are shown in Figure 5.5 and 5.6. The biomass 
prediction R2 values obtained for lidar, texture and spectral datasets are .6874, .6654 and .5938 
respectively. The corresponding mean squared errors are 7.24, 8.71 and 12.07 at the footprint 
level. 
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(a) 
 

 
 

(b) 
 

 
 

(c) 
 
Figure 5.5: (a) Predictor importance graph of ICESat parameters. (b) Predictor importance graph of 
texture parameters derived from WV2 optical imagery. (c) Predictor importance graph of spectral 
parameters derived from WV2 optical imagery.  
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                                   (a)                                                                  (b)      
 

 
 
                                       (c)                                                                       (d) 
 
Figure 5.6: Predicted versus Observed values of biomass from Random Forest (a) using ICESat derived 
parameters (b) using texture parameters derived from WV2 optical imagery (c) using spectral parameters 
derived from WV2 optical imagery and (d) using a combination of all the above parameters. The red 
circled values are outliers.  
 
Figure 5.6 shows that predictions from individual datasets have more spread around the trend 
line while for combined dataset these are compressed near the trend line. There are outliers 
when predictions are based on the individual datasets but there are none when based on 
combined dataset (those outliers have not been removed as can be seen from their observed 
biomass values). This once again establishes the supremacy of sensor integration approach over 
individual sensor approach for biomass estimation.  
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5.2 Results from Multiple Linear Regression   
 
Multiple Linear regression cannot handle p (no. of variables)>M (no. of observations) problems. 
However, with the help of random forest algorithm, when one is able to reduce the no. of 
variables, multiple linear regression can be applied. Now, we are having a much lesser subset of 
parameters to choose from. These important parameters have to be taken up individually to find 
the best combinations. It has been found that when parameters representing different underlying 
properties are combined, greater gains in R2 values are achieved. The most important lidar, 
spectral and texture parameters (Figure 5.4) are combined sequentially. The results are 
displayed in Table 5.1. 
 
Table 5.1: R2 values as a function of combination of most important parameters. 
 
Parameter R2 
wpdistance/wdistance 0.573 
wextent 0.546 
H75 0.451 
Correlation2 0.404 
Correlation4 0.229 
nir2max  0.444 
irgvi2max 0.406 
irrvi2max 0.387 
ndvi1max 0.377 
wpdistance + wextent + H75 0.625 
correlation2 + Correlation4 0.461 
nir2max+irgvi2max+irrvi2max+ndvi1max 0.481 
wpdistance + Correlation2 + nir2max 0.772 
wpdistance + Correlation2 + irgvi2max  0.796 
wpdistance + wextent + Correlation2 + nir2max + irgvi2max+ H75 0.820 
Combining  all the 9 parameters 0.830 
Combiming 15 most important parameters 0.846 

 
The above table shows the utility of random forest algorithm. From a set of 167 parameters, it is 
able to choose the 6 most important ones and the resulting linear equation is able to capture 
78.7% (adjusted) variation of the observed biomass with an RMSE of 13.9t/ha. The linear 
trendline (equation 5.1) along with the 95% confidence limits are shown in Figure 5.7.  
 
Biomass = 0.343*wpdistance + 0.37*wextent + 0.008*Correlation2 - 0.0083*nir2max –                    
6.5*irgvi2max - 0.137*H75 + 47.125.                                                                                     (5.1)                                                         
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Figure 5.7: Linear trendline obtained from the best 6 parameter model using Multiple Linear 
Regression. The dashed lines show the 95% confidence limits. The corresponding adj. R2 value is 787. 

 
5.3 Results from SVM regression 
 
The SVM Regression algorithm is heavily dependent on the choice of kernel function. Hence, 
SVM is first run separately on the whole dataset using all the 4 available kernel functions. The 
final choice of the kernel function is made on the basis of the best R2 value obtained on 
predicted versus observed biomass (Table 5.2). The loss parameter ε is fixed at 0.1. The choice 
of ε should be based on maximization of R2 value for a given kernel function. 
 
Table 5.2: The effect of Kernel function on final prediction accuracies. 
 

Kernel R2 Mean Sq. Error(footprint) 

Linear 0.887 2.933 
Polynomial 0.744 9.612 

RBF 0.861 4.106 
Sigmoid 0.835 4.882 

 
The final choice thus lies between linear and RBF functions. When compared with Random 
Forest, SVM clearly has better prediction accuracy. The R2 value obtained with Linear kernel 
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function is .887 as compared to .835 obtained from Random Forest. The other important 
comparison can be based on the R2 values obtained on separate datasets. The comparison of 
values as well as interpretation is included in Chapter 6. The SVM predicted biomass versus 
observed biomass graphs on lidar, spectral, texture and combined datasets are shown in Figure 
5.8. The R2 values obtained for lidar, texture and spectral datasets are .699, .515 and .60 
respectively. The corresponding mean squared errors at footprint level are 6.15, 10.27 and 9.06. 
                                                                                                                                              

  
 
                                  (a)                                                                   (b)    
 

  
 
                                  (c)                                                                   (d)                                  
 
Figure 5.8: Predicted versus Observed values of biomass from SVM (a) using ICESat derived 
parameters (b) using texture parameters derived from WV2 optical imagery (c) using spectral parameters 
derived from WV2 optical imagery and (d) using a combination of all the above parameters. The red 
circled values are outliers. If the observation circled as green is removed the R2 value increases to .92. 
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5.4 Correlation between Microwave and ICESat parameters 
 
6 parameters were extracted from Freeman 3 decomposition image by drawing 25m buffers 
around the footprint centers. The parameters are listed in Table 5.3. The pixel size for the 
decomposition image is 25m and these parameters were linearly regressed individually with the 
ICESat parameters which correspond to maximum tree height and canopy height (wdistance, 
wpdistance and wextent). Since, the correlated response of these ICESat parameters is bound to 
come from a single microwave pixel (25m x 25m is sufficient to contain the highest tree or 
trees), it makes sense to regress with maximum and minimum values of decomposition 
parameters only. The mean and standard deviation values are used when the response is 
expected to come from more than 1 pixel, which is not the case here. The results of regression 
with ICESat parameter wdistance are shown in Table 5.3. The interpretation of this table is 
provided Chapter 6. Based on the results, parameters were combined to produce linear equations 
with best R2 values. Equations (5.2-5.3) resulted, with corresponding R2 values being .845 and 
.801.  
 
Table 5.3: Correlation of Microwave parameters with ICESat parameter wdistance. 
 

Parameter Explanation R2 Equation for 
wdistance 

mindb Minimum double bounce power .08  
maxdb Maximum double bounce power 0.46 -0.88*maxdb + 20.74 
minodd Minimum odd bounce power .04  
maxodd Maximum odd bounce power 0.26 -2.47*maxodd + 22.9 
minvol Minimum volume scatter power .11  
maxvol Maximum volume scatter power 0.57 0.83*maxvol + 34.77 

 
 
wdistance   = 0.694*maxvol - 0.695*minvol - 0.556*maxdb - 0.788*maxodd + 12.34   (5.2) 
 
wextent       = 0.580*maxvol - 0.572*minvol - 0.486*maxdb - 1.161*maxodd + 16.26   (5.3) 
 
Now, by modifying equation (5.1) by using wdistance in place of wpdistance and by replacing 
H75 by irrvi2max, we get an equation (5.4) with adjusted R2 value of .782. Thus, by combining 
equations (5.2-5.4), we can extend biomass estimation outside the footprints. The resulting 
equation (5.5) gives biomass values for 20m radius plots with an adjusted R2 value of .73.  
Since, we are using microwave data for height estimation only, it can be made to work in high 
biomass areas, where it has traditionally failed due to saturation of biomass with backscatter 
values.  
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Biomass = 0.370*wdistance + 0.222*wextent + 0.008*Correlation2 - 0.0073*nir2max –                    
7.26*irgvi2max - 0.642*irrvi2max + 44.41.                                                                  (5.4)     
 
Biomass  =  0.385*maxvol - 0.383*minvol - 0.314*maxdb - 0.523*maxodd + .008*Correlation2 
- 0.0073*nir2max - 7.26*irgvi2max - 0.642*irrvi2max + 52.58.                                             (5.5)                               
 
5.5 Validation of Biomass equation outside footprints 
 
The validation originally not an objective of the study, was done nevertheless, to test the 
efficacy of the equation and to lend more credibility to the findings. The equation (5.5), 
developed for areas which were outside the footprints, was tested using 32 plots. Out of 32 
sample plots, 16 plots did not form part of original 40 plots and 16 plots were randomly selected 
from the original footprints. Removing one outlier, the equation output when regressed with 
original biomass values, resulted in an R2 value of .79 and an adjusted R2 value of .73 and an 
RMSE of 31.2t/ha. However, when a new equation (5.6) was developed from the data of these 
32 sample plots using the same variables, it resulted in an adjusted R2 value of .75 with an 
RMSE of 14.69t/ha. The Figure 5.9 below shows the scatter plot output of the equation (5.6). 
 
Biomass = 0.302*maxvol + 0.563*minvol - 0.326*maxdb - 0.089*maxodd + .008*Correlation2 
- 0.022*nir2max - 3.73*irgvi2max + 0.485*irrvi2max + 73.61.                                             (5.6) 
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Figure 5.9: MLR predicted biomass vs. observed biomass outside footprints. 
 
The output windows of various regression algorithms with training and testing errors are 
contained in Appendix 3. 
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6 Discussions 
 
It can be seen from Chapter 4 that height estimation by ICESat Lidar is having an R2 value of 
0.963 and an RMSE of 1.35m. The reason for this accuracy lies in precise geo-location of 
footprint and a novel method of data collection as discussed in chapter 4. The homogenous 
condition, within majority of the footprints, is also a reason for this high accuracy. Lesser 
topographic variations within the footprints and the reasons for choosing such footprints have 
been discussed in detail in Chapter 4. It was mentioned that, with the exception of airborne 
Lidar data, other attempts at slope correction have met with low to moderate success. However, 
it can be safely concluded that ICESat data provides high height estimation accuracies in areas 
with < 10 degrees slope.  
 
The biomass estimation along with an improved method of data collection from ICESat 
footprints was discussed at detail in Chapter 4. It was demonstrated in Chapter 5 that synergy of 
multiple sensor parameters help in improving biomass estimation accuracies significantly (also 
shown in Table 6.1). The biomass estimation accuracies from RF and SVM were compared on 
single as well as combined datasets. The accuracy derived from SVM on combined dataset is 
better than RF as shown in Table (6.1). It can also be seen from the results that there is not 
much difference between R2 values derived from SVM and RF algorithms for lidar and spectral 
parameters. However, RF scores over SVM in the case of texture parameters. The reason for 
this lies in the fact that individual texture parameters have the least linear correlation with 
observed biomass as compared to spectral or lidar parameters (Table 5.1). SVM regression             
 
Table 6.1: Comparison of SVM and RF prediction accuracies. 
 

Dataset SVM R2 value RF R2 value 

Lidar 0.699 0.687 
WV-2 Spectral 0.601 0.594 
WV-2 Texture 0.515 0.665 

Combined 0.887 0.835 
 
tries to fit a linear hyperplane inside the n-dimensional variable space. If the underlying dataset 
has limited linear correlation with the observed variable, the SVM algorithm does not perform 
well. RF, on the other hand, doesn’t assume any such underlying correlation (linear or non-
linear) between the independents and the dependent. It simply goes on partitioning the n 
dimensional variable space into smaller n dimensional boxes with the dependent lying along the 
nth dimension. Thus, it is not trying to generate any relationship between the independents and 
the dependents. When fed by a set of values of n-1 dependents, it will lead us to that n 
dimensional box which contains this set of n-1 values. Hence, it is bound to do well as long as 
the boxes do not overlap significantly. Thus, in cases of no underlying correlation RF does 
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better than SVM. In cases where limited degree of linear correlation is present, RF would still 
do well. However, as the correlation goes on increasing SVM would provide better R2 values 
because n-dimensional boxes created by RF would have some finite spread over which 
dependent is assumed to have a constant value. Therefore, for various combinations of n-1 
values (those lying inside the n dimensional box), there is a single dependent value in case of 
RF. But, for SVM it is a fitted hyperplane where a slightest deviation in any of the independents 
would produce a change in dependent value. One of the biggest advantages of SVM is its ability 
to draw hyperplanes from a subset of variables. It combines the linearly correlated variables 
only to produce hyperplanes and thus predict the dependents. It does away with the unnecessary 
variables and chooses the support vectors from correlated variables only. That is precisely the 
reason of its performing better than RF when the datasets are combined to predict the output. 
Since lidar, spectral and textural datasets originally had some variables with limited linear 
correlation with biomass, SVM simply added all these correlated variables to build linear 
hyperplanes, when the combined dataset was fed to it. The underlying methodology of SVM 
although separates useful variables from non useful ones but that is for the user to infer 
indirectly (as discussed above). SVM does not display variable importance and that is where RF 
outscores it, particularly, when the no. of variables to be analyzed, are in thousands.  
 
It must be mentioned here that texture parameters were derived here using a single 5x5 window 
size. Eckert (2012) used variable window sizes to derive texture parameters from WV2 imagery 
and reported better biomass estimation accuracies as compared to a single window size. 
Because of the paucity of time, variable window sizes could not be taken up. It would also have 
meant huge increase in number of parameters to be analyzed (each window size would have 
added 64 more parameters). However, the RF and SVM algorithms are perfectly capable of 
handling such volumes of data. Hence, it is advised that future studies should take up variable 
window sizes for deriving texture parameters. This can help improve biomass estimation 
accuracies even further, i.e., greater than R2 value of 0.88. Presently, only few airborne lidar 
studies can boast of such high values of R2 (Popescu, 2007). 
 
The correlation between ICESat and Microwave parameters was studied in Chapter 5. The 
parameters extracted from Freeman 3 decomposition images were regressed with ICESat 
parameters (Table 5.3). Table shows that ICESat parameter wdistance is having a good positive 
correlation with maxvol. It states that as the tree height increases the volume scattering 
increases. This makes sense because with increasing tree heights, the crown also widens and 
hence volume scattering increases. The parameter that shows average negative correlation with 
wdistance is maxdb. It tells that as tree heights increase, the double bounce returns decrease. It 
may not seem obvious at first but it makes sense when analyzed within a forest setting. The 
double bounce returns require 2 reflections only and that too from mutually perpendicular 
surfaces (like ground and tree trunk). This becomes possible only when the signal is first able to 
hit the ground and then signal reflected back from the trunk (after double bounce) is able to 
reach the sensor unhindered or vice versa. Inside a forest, when trees increase in height, the 



 
 

65

reflection from the ground decreases (as suggested by negative correlation with maxodd in the 
Table 5.3) and also the returning signal has every chance of being hindered by other tree trunks. 
Thus, double bounce from trunk-ground combination decreases as tree heights increase. 
However, the double bounce from favorable branch-trunk combinations won’t be affected 
much. Equations were then derived using multiple independents and finally equation for 
biomass estimation outside footprints was derived. It had a lower R2 value and more RMSE as 
compared to within footprint estimation. The validation dataset was chosen smaller than within 
footprint dataset, due to paucity of time. More outside footprint data would have given more 
sound results. However, the result was expected because lidar data is more potent in deriving 
height estimates than microwave data. It must be mentioned here that as one goes on adding the 
next more important parameters derived from the RF algorithm to the above equations, R2 
values go on increasing. But, this would make greater sense if more ground data is collected for 
analysis. 
 
Another method of extending biomass predictions outside footprints is suggested here. It makes 
use of 30m resampled SRTM DEM, which is having scattering phase center somewhere within 
the canopy, in case of forest areas. ICESat ground elevations added by canopy height 
(wpdistance) were regressed linearly with coincident SRTM heights as shown in Figure 6.1. 

 
Figure 6.1: GLAS canopy vs SRTM. 

 
Thus, on the basis of known SRTM heights, GLAS Canopy heights can be derived using the 
above equation. The GLAS ground elevation outside footprints can be found out by 
interpolating between neighboring GLAS data acquisition lines or by developing regression 
equations with locally available ground elevation data. By subtracting GLAS canopy height 
from GLAS ground elevations one can then get ICESat parameters even outside the footprints. 
This makes direct application of equation (5.1) outside the footprint area feasible and results 
will have greater R2 value than got by equation (5.5).  
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7 Conclusions and Recommendations 
 
7.1 Conclusions 
 
In this work, biomass estimation at ICESat footprint level using a multiple sensor approach was 
studied. The estimation was done by making use of two regression algorithms, i.e., Random 
Forest and Support Vector Machine. The most important variables were selected using Random 
Forest regression algorithm and linear equations were developed using Multiple Linear 
Regression algorithm. The study was successful in achieving its objectives and in answering the 
research questions. 
 
Research Question 1: What combination of multi sensor parameters correlates best with the 
biomass estimates at footprint level? 
 
Answer: The study showed that a combination of  lidar, spectral and texture parameters provide 
much better biomass estimation accuracies as compared to those obtained by using single sensor 
parameters. It showed that 6 most important parameters, namely, wpdistance, wextent, 
Correlation2, nir2max, irgvi2max and H75 were able to explain 78.7% (adjusted) variation of 
the observed biomass with an RMSE of 13.9t/ha. The study further showed that 15 most 
important parameters were able to explain 83% (adjusted) variation of the observed biomass.  
 
Research question 2: Which multiple regression algorithm performs best in estimating biomass 
at footprint level?  
 
Answer: It was found that SVM regression algorithm explained 88.7% of variation of biomass 
and had an RMSE of 13.6t/ha on the combined dataset while RF regression algorithm explained 
83.5% of variation of biomass and had an RMSE of 20.57t/ha. Further, it was found that RF 
regression algorithm performs equally well on datasets irrespective of whether the underlying 
variables are correlated with the predicted variable or not. SVM regression is found to perform 
well on those datasets which are having a subset of underlying variables that are correlated with 
the predicted variable.  
 
Research Question 3: Do height metrics derived from ICESat correlate with any of the Radar 
derived parameters? 
 
Answer: Yes, ICESat waveform parameters like wdistance , wextent and wpdistance correlated 
well with a combination of Freeman 3 decomposition parameters.  It was found that 
combination of these parameters was able to explain 80.1% (adjusted) variation of the 
parameter wdistance with an RMSE of 1.52m. 
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The outcomes of this study are more than encouraging and the study present a new 
methodology for biomass assessment using ICESat data in combination with other datasets. The 
SVM regression could explain 88.7% of the variation of biomass. Only airborne lidar data can 
boast of accuracies higher than this. But, airborne lidar has not been tested in tropical forest 
conditions. The study also introduces a novel method for determining the optimum size of 
footprint for the purpose of biomass and height estimation. Future studies are advised to follow 
this method for determination of the optimum footprint size for their respective study areas. The 
footprint size calculated here may not apply to every study area as the ICESat transmitted pulse 
energy varies with different acquisitions. One of the prime objectives of the study was to 
determine the effectiveness of Random Forest algorithm for biomass assessment. The Random 
Forest algorithm proves to be a very potent tool for variable selection. The most important 
variables when regressed using Multiple Linear regression algorithm gave a lesser RMSE than 
the Random Forest itself. The Random Forest can handle thousands of variables. Future studies 
are therefore advised to utilize this capability of Random Forest algorithm to further improve 
biomass estimation accuracies. The future efforts can culminate into developing a software that 
would be able to generate biomass and carbon maps by utilizing similar and more accurate 
biomass equations. The software would use latest datasets of different sensors as input and 
would produce biomass maps as output.  
 
7.2 Recommendations 
 
Some important recommendations for the future studies are presented here: 
 

1. The ICESat data works well on areas with lesser slopes. With increase in slope, the 
ground peak and also the vegetation peaks become wider and get displaced from their 
original positions, thus overestimating or underestimating the tree height. A possible 
solution lies in developing regression equations with actual tree height as the predicted 
variable and the footprint slope, wdistance and width of the last Gaussian peak 
(measured from the waveform) as independent variables. Even if more variables are 
added, important among them can be selected using Random Forest algorithm. 

2. Accurate local allometric equations should be developed for the study area. Please note, 
that it is the output of the equations and not the actual biomass against which we test the 
accuracies of our studies. If the equations used are accurate enough to model the actual 
field biomass, only then we can be sure of the outcomes of our study. The actual 
accuracies may be greater or lower than the accuracies derived from the study. The 
volume equations used in the study were accurate but the conversion of volume to AGB 
required density and BEF values. These values do not take local variability into account 
and are assumed constant for large geographical regions. The fellings done by the 
Forest Department during working plans and during road widening should be utilized 
by scientific community to develop such equations. 
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3. The future studies should use variable window sizes for extracting texture parameters 
from high spatial resolution imagery. Biomass estimation accuracies are expected to 
improve by incorporating these additional variables. 

4. The analysis of very high spatial resolution imagery is too often limited to the sole use 
of pixel digital numbers which do not accurately describe the observed targets between 
various collections due to the effects of changing illumination, viewing geometries, and 
atmospheric conditions. Not only the surface reflectance is necessary to consistently 
and efficiently analyze satellite imagery, but also the angular information of the 
acquisitions as it can provide unique features on the scenes being analyzed. Also, better 
atmospheric corrections algorithms like ATCOR etc. should be used for further studies. 

5. High resolution imagery can be segmented to find canopy projection area of a tree or a 
group of trees. Field equations between canopy projection area and dbh should be 
developed for different species. Thus, a dbh map can be derived from high resolution 
imagery. Then, by using height information from ICESat or Microwave datasets, 
accurate biomass maps can be created.  

6. PolInsar techniques should also be studied for developing better height correlation with 
ICESat parameters. 

7. Field should be done very accurately and where accessibility is not a problem. Heavy 
bushes of lantana sometimes make it impossible to take dbh readings. Hence, sample 
plots should be preferred at places, where every tree can be measured accurately. 

8. Finally, a software should be developed by utilizing the findings of the study and by 
incorporating the improvements suggested. The software shall be able to develop 
accurate wall to wall biomass and carbon maps by using recent multiple sensor datasets. 
The software shall be a great help to the forest departments across India. It would ease 
the process of regular updating of working plans and would help in speedy assessment 
of carbon sequestration potential of Indian forests. 
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APPENDIX 1 
 
Matlab Code for Received Waveform 
 
clear all 
datacursormode on 
fid = fopen('loop_gauss.txt','at'); 
while(1) 
    clear all 
    for p = 1:67 
        sn= p 
        fid = fopen(num2str(sn),'r') 
        if fid == -1 
        eval(['!mkdir ' num2str(sn)]); 
        else 
        fclose(fid); 
        end 
        [fname,path] = uigetfile('*.*','Enter data file'); 
        fname = num2str(p) 
        fnamewithpath=strcat(path,fname) 
        g=importdata(fnamewithpath) 
        if g == -1; error('Cannot open file for writing'); end 
        x = g(:,1); 
        y = g(:,2); 
        ysum=sum(y) 
        ynorm=y/ysum 
        meannoise=sum(ynorm(1:150))/150 
        stdv=std(ynorm(1:150)) 
        c = [3.5,4,4.5,5] 
        hold off 
        plot(x,y) ,grid on 
        xlabel('Time(ns)'); 
        ylabel('Amplitude(volts)'); 
        title('Raw Waveform'); 
        fpat=num2str(sn); 
        fnam=sprintf('Raw Waveform_%d.tiff', sn) 
        saveas(gcf,[fpat,filesep,fnam],'tiff'); 
        hold off 
        y2 = ynorm(151:543) 
        x1 = x(151:543) 
        [gfit1,goodness1] = fit(x1,y2,'gauss1') 
        [gfit2,goodness2] = fit(x1,y2,'gauss2') 
        [gfit3,goodness3] = fit(x1,y2,'gauss3') 
        [gfit4,goodness4] = fit(x1,y2,'gauss4') 
        [gfit5,goodness5] = fit(x1,y2,'gauss5') 
        [gfit6,goodness6] = fit(x1,y2,'gauss6') 
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F=[gfit1.a1,0,0,0,0,0;gfit2.a1,gfit2.a2,0,0,0,0;gfit3.a1,gfit3.a2,gfit3.a3,0,0,0;gfit4.a1,gfit4.a2,gfit
4.a3,gfit4.a4,0,0;gfit5.a1,gfit5.a2,gfit5.a3,gfit5.a4,gfit5.a5,0;gfit6.a1,gfit6.a2,gfit6.a3,gfit6.a4,gf
it6.a5,gfit6.a6] 
        
C=[gfit1.c1,0,0,0,0,0;gfit2.c1,gfit2.c2,0,0,0,0;gfit3.c1,gfit3.c2,gfit3.c3,0,0,0;gfit4.c1,gfit4.c2,gfi
t4.c3,gfit4.c4,0,0;gfit5.c1,gfit5.c2,gfit5.c3,gfit5.c4,gfit5.c5,0;gfit6.c1,gfit6.c2,gfit6.c3,gfit6.c4,g
fit6.c5,gfit6.c6]/sqrt(2) 
        
P=[gfit1.b1,0,0,0,0,0;gfit2.b1,gfit2.b2,0,0,0,0;gfit3.b1,gfit3.b2,gfit3.b3,0,0,0;gfit4.b1,gfit4.b2,gf
it4.b3,gfit4.b4,0,0;gfit5.b1,gfit5.b2,gfit5.b3,gfit5.b4,gfit5.b5,0;gfit6.b1,gfit6.b2,gfit6.b3,gfit6.b4
,gfit6.b5,gfit6.b6] 
        
H1=[gfit1.a1,gfit1.b1,gfit1.c1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0;gfit2.a1,gfit2.b1,gfit2.c1,gfit2.a2,gfit
2.b2,gfit2.c2,0,0,0,0,0,0,0,0,0,0,0,0;gfit3.a1,gfit3.b1,gfit3.c1,gfit3.a2,gfit3.b2,gfit3.c2,gfit3.a3,g
fit3.b3,gfit3.c3,0,0,0,0,0,0,0,0,0;gfit4.a1,gfit4.b1,gfit4.c1,gfit4.a2,gfit4.b2,gfit4.c2,gfit4.a3,gfit4.
b3,gfit4.c3,gfit4.a4,gfit4.b4,gfit4.c4,0,0,0,0,0,0;gfit5.a1,gfit5.b1,gfit5.c1,gfit5.a2,gfit5.b2,gfit5.c
2,gfit5.a3,gfit5.b3,gfit5.c3,gfit5.a4,gfit5.b4,gfit5.c4,gfit5.a5,gfit5.b5,gfit5.c5,0,0,0;gfit6.a1,gfit6
.b1,gfit6.c1,gfit6.a2,gfit6.b2,gfit6.c2,gfit6.a3,gfit6.b3,gfit6.c3,gfit6.a4,gfit6.b4,gfit6.c4,gfit6.a5,
gfit6.b5,gfit6.c5,gfit6.a6,gfit6.b6,gfit6.c6] 
        for i = 1:4 
            threshold(i) = meannoise+c(i)*stdv 
            for i2 = 6:-1:1 
                ax = F(i2,:) 
                lx=find(ax) 
                if ax(lx)>= threshold(i) 
                    bx = max(lx) 
                    A=C(bx,:) 
                    if A(find(A))>=2 
                        J(i2) = max(find(A)) 
                    else 
                        J(i2)= 0 
                    end 
                else 
                    J(i2)=0 
                end 
            end 
            Z1=0 
            R = 0 
            Q = find(J) 
            R(1)= 1 
            for j = 2 : length(Q) 
                K = P(Q(j),:) 
                Y = K(find(K)) 
                Z = sort(Y) 
                for j2 = 1: (length(Z)-1) 
                    Z1(j2) = Z(j2+1)-Z(j2) 
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                end 
                if Z1>=5 
                    R(j)= Q(j) 
                else 
                    R(j)=0 
                end 
            end 
            Good = 
[goodness1.rmse,goodness2.rmse,goodness3.rmse,goodness4.rmse,goodness5.rmse,goodness6.r
mse] 
            Z5 = find(R) 
            Z3= find(Good(R(Z5))==min(Good(R(Z5)))) 
            l1=P(R(Z5(Z3)),:) 
            a1=l1(find(l1)) 
            t=max(a1) 
            rx=num2str(R(Z5(Z3))) 
            l2(i) = R(Z5(Z3)) 
            d =strcat('gauss',rx) 
            [gfit,goodness] = fit(x1,y2,d) 
            H2=H1(R(Z5(Z3)),:) 
            H3=find(H2) 
            H4 = H2(H3) 
            H6 = find(H4==t) 
            R=0 
            J=0 
            for j4=1:999 
                L(j4)=gfit(j4) 
            end 
            H=find(L>=threshold(i)) 
            Mi = min(H) 
            Ma = max(H) 
            z=1:999 
            G1= (H4(H6-1)*exp(-((z-H4(H6))/H4(H6+1)).^2)) 
            H7 = find(G1>=threshold(i)) 
            M3 = min(H7) 
            M4 = max(H7) 
            Area(1:999)=0 
            for v=(M3+1):M4 
                Area(v) = Area(v-1) + G1(v)-G1(M3) 
            end 
            eground(i) = sum(y)*Area(M4) 
            wstart(i) = Mi 
            height(i) = .15*(round(t)-wstart(i)) 
            wend(i) = Ma 
            wextent(i)= .15*(wend(i)-wstart(i)) 
            wdistance(i) = .15*(round(t)-wstart(i)) 
            l=find(a1>=Mi) 
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            b=a1(l) 
            w=min(b) 
            l=0 
            wpdistance(i) = .15*(round(t)- round(w)) 
            area(1:999) = 0 
            for v=(Mi+1):Ma 
                if gfit(v)>= gfit(Mi) 
                    area(v) = area(v-1) + gfit(v)-gfit(Mi) 
                else  
                    area(v) = area(v-1) 
                end 
            end 
            tot = area(v) 
            O= find(area >=(tot/2)) 
            m = min(O) 
            O=0 
            wcentroid(i) = m 
            Home(i) = .15*(round(t)- m) 
            q= find(area >=(3*tot/4)) 
            m1 = min(q) 
            q=0 
            H25(i) = .15*(round(t)- m1) 
            q1= find(area >=(tot /4)) 
            m2 = min(q1) 
            q1=0 
            H75(i) = .15*(round(t)- m2) 
            R25(i) = H25(i) /height(i) 
            R75(i) = H75(i)/height(i) 
            R50(i) = Home(i)/height(i) 
            afslope(i)= atan(sum(y)*(gfit(w) - threshold(i))/(w - wstart(i))) 
            drcanopy(i)= .15*(round(w) - wstart(i)) 
            e_echo(i)= tot*sum(y) 
            ecanopy(i)= e_echo(i)-eground(i) 
            rground(i)= eground(i)/ecanopy(i) 
            rcanopy(i)= ecanopy(i)/e_echo(i) 
            fslope(i)= atan((gfit(round(w))-threshold(i))/(round(w)-wstart(i))) 
            K(i) = threshold(i)- fslope(i)*wstart(i) 
            x5 = (wstart(i):round(w)) 
            plot(x,ynorm,'yellow') 
            hold on 
            plot(gfit,'green') 
            for i1 = 1:3:length(H4) 
                plot(x,H4(i1)*exp(-((x-H4(i1+1))/H4(i1+2)).^2),'red') 
            end 
            plot(x,threshold(i) ,'blue') 
            plot(x5,(fslope(i)*x5 + K(i)),'Black') 
            grid on 
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            xlabel('Time(ns)'); 
            ylabel('Amplitude(volts)'); 
            title('Normalised waveform with Gaussian fits') 
            legend('Gaussian Fitted Waveform','Location','NW') 
            fnam=sprintf('Threshold %6.2f and Waveform_%d.tiff',c(i), sn) 
            saveas(gcf,[fpat,filesep,fnam],'tiff'); 
            hold off 
            grid off 
        end 
        fid = fopen('loop_gauss.txt', 'at'); 
        fprintf(fid, '\n                                               14OCTOBER2008  SHOT NUMBER %d\n 
',sn); 
        for i = 1:4 
            fprintf(fid, '\n-------------------------\n'); 
            fprintf(fid, '\n Constant  Height     H25   Home(H50)      H75       R25      R50      R75  
wstart  wend   wextent    wdistance  wpdistance wcentroid  Peaks \n'); 
            fprintf(fid, '\n %6.2f   %6.2f(m)%6.2f(m)%6.2f(m)   %6.2f(m)  %6.2f   %6.2f   %6.2f  
%d    %d   %6.2f(m)   %6.2f(m)  %6.2f(m)      %d       %d \n',c(i) 
,height(i),H25(i),Home(i),H75(i),R25(i),R50(i),R75(i),wstart(i),wend(i),wextent(i),wdistance(i),
wpdistance(i),wcentroid(i),l2(i)); 
            fprintf(fid, '\n Afslope    Canopy_roughness     eEcho      eground    ecanopy      rground     
rcanopy       \n'); 
            fprintf(fid, '\n %3.4f(rad)    %6.2f(m)       %6.2f     %6.2f      %6.2f      %6.2f       
%6.2f\n'   ,afslope(i),drcanopy(i),e_echo(i),eground(i),ecanopy(i),rground(i),rcanopy(i)); 
        end 
            fprintf(fid, '\n-------------------------\n'); 
            fclose (fid);  
            clear all 
    end 
    response = input('Would you like to continue?: Y/N', 's') 
    if response =='N'|response =='n' 
    break 
    end 
end 
 
Matlab code for transmitted pulse 
 
clear all 
fid = fopen('trans.txt','at'); 
while(1) 
    clear all 
    for p = 52:60 
        sn= p 
         
        [fname,path] = uigetfile('*.*','Enter data file'); 
        fname = num2str(p) 
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        fnamewithpath=strcat(path,fname) 
        g=importdata(fnamewithpath) 
        if g == -1; error('Cannot open file for writing'); end 
        x = g(:,1); 
        y = g(:,2); 
        meannoise = .11*max(y) 
        H=find(y>= meannoise) 
        Mi = min(H) 
        Ma = max(H) 
        area(Mi:Ma) = 0 
        for v=(Mi+1):Ma 
            area(v) = area(v-1) + y(v)- meannoise 
        end 
        tot = area(v) 
        transenergy = tot*.50196 
        fid = fopen('trans.txt', 'at'); 
        fprintf(fid, '\n 14OCTOBER2008  SHOT NUMBER %d\n ',sn); 
                     
            fprintf(fid, '\n transmitted energy  \n'); 
            fprintf(fid, ' %6.2f\n',transenergy); 
            fprintf(fid, '\n-------------------------\n'); 
            fclose (fid);  
            clear all 
    end 
    response = input('Would you like to continue?: Y/N', 's') 
    if response =='N'|response =='n' 
    break 
    end 
end 
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APPENDIX 2 
 
FSI Volume equations for India, Nepal and Bhutan and density values 
 
Species name Density (kg/m3) FSI Volume Equation 
Shorea robusta 728 (0.1919/D2 -2.7070/D+11.7563)D2 

Mallotus philippinensis 571 0.1475-2.875D+19.6198D2 -19.110D3 
Lagerstroemia 
parviflora 620 0.10529-1.68829D+10.29573D2 

Ehraetia laevis 571 -0.03844+.94649D-5.4098D2+33.173D3 

Tectona grandis 570 0.0885-0.4694D+11.9898D2+1.9705D3 
Terminalia tomentosa 760 (-0.203947+3.159215D)2 

Acacia catechu 880 0.1661-2.7885D+17.2213D2-11.6025D3 

Anogeissus latifolia 757 (.4698+5.9985D-2.60729√D)2 

Bauhinia variegata 571 0.04262+6.09491D2 

 
Source (density values): FAO Corporate Document Repository 
 
 
Biomass Expansion Factor (BEF) 
 

BEF = Exp{3.213 - 0.506*Ln(BV)} for BV < 190 t/ha  

1.74 for BV>=190t/ha  

(sample size = 56, adjusted r2 = 0.76)  

where:  

BV = biomass of inventoried volume in t/ha, calculated as the product of VOB/ha (m3/ha) and 
wood density (t/m3) 
 
Source: FAO Corporate Document Repository 
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APPENDIX 3 

 

SVM output using RBF kernel on combined dataset 

 

SVM output using Linear kernel function on combined dataset 
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RF output on combined dataset  

 

 

Multiple Linear Regression output for best 6 parameters within the footprint 
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Multiple Linear Regression output for outside footprint validation dataset 

 


