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ABSTRACT
Forests play a pivotal role in synchronizing earth’s carbon cycle by absorbing around 2.4
million tons of carbon each year from the atmosphere and storing billions more in the form of
biomass. Therefore it is imperative to monitor the forests and understand the climatic
variations, especially those occurring due to destruction of forest and its corresponding
biomass loss. Estimation of forest biophysical parameters can be used as an effective tool for
determination of forest inventories, vegetation modeling and global carbon cycle. The present
study aims at quantification of the forest biophysical parameters of Barkot Forest with the
utilization of Terrestrial Laser Scanner (TLS) and Polarimetric Interferometry SAR
(PolinSAR) modeling approach. Barkot Forest is a sub-tropical moist deciduous forest located
in Doon valley with heterogeneous tree structures and encompassing an aboveground biomass
up to 369t/ha. Terrestrial laser scanner based modeling was used for retrieving biophysical
parameters with the implementation of RANSAC shape detection algorithm. Stem volume of
the trees retrieved from the TLS point cloud were calibrated by the incorporation of the tree
height variable. It was observed that TLS derived and field measured biophysical parameters
displayed a comparable correlation. The TLS modeled DBH and stem volume exhibited a
coefficient of determination of 0.88 and 0.80 and RMSE of 2.85cm and 0.4 cu.m respectively.
Second part of the research work employs the PolinSAR Coherence Amplitude Inversion
(CAI) and RVoG techniques for retrieving forest stand height. Both the techniques were
modeled with the integration of complex coherences occurring in different polarimetric
channels. It was noticed that CAI estimated the forest height precisely nearly equivalent to
the true forest height with a coefficient of determination of 0.49, percent accuracy 90.4% and
RMSE of 2.94m. Application of the RVoG model further improved the statistics of the forest
height with a coefficient of determination of 0.71, percent accuracy 91.6% and RMSE of
2.13m. Results from both the sensors data modeling showed that measurement of biophysical
parameters from TLS point cloud are more accurate and reliable with a slight error range
ranging from 0.3m to 0.8m in forest stand height determination. Finally the results indicate
that it is possible to retrieve forest biophysical parameters using modeling approach with the
help of ground based Lidar and space borne SAR data.

Key words: Terrestrial laser scanning, RANSAC, complex coherence, RVoG, coherence
amplitude inversion, tree height, stem volume
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1. INTRODUCTION
1.1.Background
Forest ecosystem covers approximately a third of the earth’s land area and act as a pivotal
carbon sink and source. It plays a crucial role in synchronizing earth’s carbon cycle through
carbon uptake and respiration associated with vegetation growth and emissions from the
disturbance caused by both natural processes, such as wildfires and land use change through
human activity.
Forest degradation is extensively recognized to have compelling consequences on Earth’s
ecosystem. One of the utmost consequence of environmental degradation by forest
degradation is global warming. Global warming is majorly caused by presence of excess heattrapping greenhouse gases (GHGs) e.g. water vapor, carbon dioxide (CO2), methane, nitrous
oxides, CFCs and ozone etc. in atmosphere. CO2 is an important GHG produced mainly by
burning fossil fuels as well as change in the land use/land cover (Dixon, 1994).However we
do not completely understand some of the critical issues in global warming. Among these
issues, the most critical comprises of developing better cognizance of the global carbon cycle
and its influence on atmospheric greenhouse gases, the sustainability and health of global
ecosystems, and the effect of global warming and land use changes on biodiversity.
Forests serve as the crucial component in carbon cycle and contains about 80% of the
terrestrial biomass. Each year, forests lock up 335-365 Gt of carbon, making them a viable
solution to climate change mitigation (MEA, 2005). Changes in this component brought about
by diverse anthropogenic activities such as land use change, together with fossil fuel burning
are assumed to be dominant drivers of climate change. However the status, dynamics and
future evolution of the terrestrial biosphere are least understood and the most uncertain
elements in the carbon cycle (IPCC 2000). The primary source of this uncertainty is the
paucity of consistent, homogenous and spatially resolved data on carbon stocks in earth’s
forests. The accurate evaluation of forest carbon stock will result into efficient carbon
accounting and trading system for effective implementation of international climatic
conventions (Gibbs et al., 2007). Amalgamation of ground data, ecological process models,
vegetation models and earth observation data can provide us a more desirable and satisfactory
estimate of terrestrial carbon.
Different structural attributes of forest ecosystem like diameter at breast height (DBH), forest
height and vertical structure information has been widely used in estimation of aboveground
biomass (AGB), through which amount of carbon sequestered can be calculated (Keller et
al.,2001). Though direct estimation of AGB from DBH in field is possible, but this technique
is highly ineffectual in terms of time, money and manpower and sometimes turns out to be
destructive (Houghton, 2005).
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1.2 Role of remote sensing in quantifying forest biophysical parameters
Remote sensing and GIS applications which offer comprehensive spatial and temporal
coverage capability have made it comparatively easy for retrieving various forest biophysical parameters. The significant benefit of remote sensing is easy monitoring of forests
that are inaccessible for insitu observations. With the advent of multiple varied spatial
resolution sensors, multifarious data and interpretation techniques, remote sensing proves to
be a versatile tool that can aid in tree species identification, forest classification, vertical
structure extraction, aboveground biomass estimation.
Various remote sensing approaches utilizing divergent regions of the electromagnetic
spectrum have been exploited for deriving information regarding forest bio-physical
attributes. Optical remotely sensed images are well suited for discriminating forest type,
agricultural areas and wetlands, as well as calculates the density and forest extent (Koch et
al., 2008).Estimates of the forest biophysical parameter attributes by optical remote sensing
are based on normalized difference vegetation indices, which are inherently not responsive to
the tree structure and density beneath the canopy. Moreover optical remote sensing proves to
be a tool for forest biophysical parameter estimation during daylight only, and sometimes
severely biased by cloud cover, restricting the availability of continuous temporal coverage
(Wallington et al., 2006). Due to the limitations put by optical sensors, active remote sensing
systems (Microwave and LIDAR) emerges as a solution for quantifying different components
of woody vegetation.

1.3 Active remote sensing systems
Radar remote sensing encompasses the spectrum range from approximately 1mm to 1m in
wavelength. Microwave systems employ radio detection and raging (Radar) principles to emit
electromagnetic radiation that are capable of penetrating vegetation cover and in addition
interacts with woody element as well as with the ground surface. Because of their long
wavelengths, compared to the visible and infrared, microwave radiations can penetrate
through cloud cover, haze, and dust as the longer wavelengths are not susceptible to
atmospheric scattering(NRC, Canada). Use of Radars is anticipated to improve the estimate
of various components of forest structure such as crown and stem biomass, foliage water
content, crown bulk density and forest height (Saatchi et al., 2007).Interaction of microwave
signals with different components of forest leads to retrieval of backscatter in form of surface,
dihedral and surface scattering mechanisms. Synthetic Aperture Radar (SAR) an active Radar
sensor builds an image through Doppler Effect and synthesizes a large antenna to improve
spatial resolution (Neumann, 2009).SAR leads to emanation of polarimetric SAR (PolSAR),
SAR Interferometry (InSAR), Polarimetric SAR Interferometry (PolinSAR) algorithms.
These algorithms retrieve scattering mechanisms from radar imagery and play an essential
role in assessing forest bio physical parameters. SAR polarimetry involves processing and
analysis of the polarization state of an electromagnetic field. The polarization information
contained in the waves backscattered from a given medium is highly related to geometrical
2
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structure, reflectivity, shape and orientation of target (Cloude, 2009). Delineation of forest
areas from non-forest areas is possible in PolSAR with the help of various scattering
mechanisms occurring within one SAR pixel.
Interferometric SAR technique utilizes the phase difference between the scattered electric
fields received at two antennas separated by some known distance. Figure 1.1 describes the
schematic representation of the InSAR geometry where a target is imaged from two antenna
locations S1 and S2. This phase difference between the two channels relates to the topographic
height.

Figure 1.1 Schematic representation of the InSAR observation geometry with two antennas S1 and S2
separated by a distance ‘B’ termed as basline.

Polarimetric Interferometry using synthethic aperture radars, combines the structure
information contained in polarimetric SAR data, with the phase information obtained from an
interferometric system. Figure 1.2 describes the schematic represenataion of the coherent
combination of polarimetry and interferometry, with the antenna seperated by a distance equal
to baseline. This coherent combination of polarimetry and phase, results in successful
extraction of the biophysical characteristics as the generated interferogram’s phase is
dependent on polarization of wave. The sensitivity of the radar backscatter coefficient to the
forest biomass dimnishes at large amounts of biomass. In such situations PolinSAR inversion
methods potentially improves the forest biophysical parameter estimation in the saturation
regions (Le Toan et al., 2011). PolinSAR in combination with different modeling approaches
like coherence amplitude inversion, RVoG inversion and DEM differencing techniques can
be easily related to the forest stand height. Forest stand height derived from these modeling
approaches can be associated to the aboveground biomass using allometric relationships
(Mette et al.,2004). Use of higher wavelength Land P bands in PolinSAR technique will lead
to more accurate estimate of the forest biophysical parameters, as these bands have deeper
penetration ability and are able to overcome the saturation at higher biomass level.
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Figure1.2. Schematic representation of the coherent combination of polarimetry and interferometry
with S1 and S2 as the antenna location, Ht and HS representing height of tree and scatterers
respectively.

The emergence of a new generation of active Light detection and ranging (LIDAR) equipment
with its distinctive 3 dimensional mapping ability provides analysis of forest structure from
canopy to branch level(Monika Moskal et al., 2012). Lidar systems transmit laser pulses and
measure the pulse return time to estimate the vertical structure of forest (Gibbs et al., 2007).
Aerial, space borne and terrestrial Lidar’s have significantly improved the estimation of
variety of forest inventory parameters, including stand height, basal area, biomass, stem
volume and stand density (Carson et al., 2004).Moreover terrestrial laser scanning (TLS) is a
new emerging approach for forest field inventories at the plot level. TLS estimates the forest
inventories in detail by documenting it as millions of 3D points, within a short span of time.
This technique describes the tree structure comprehensively and thereby refines the estimation
of DBH, tree height and stem volume.
The current research work focuses on application of PolinSAR coherence based approach for
forest height retrieval and TLS point cloud modeling for successful extraction of tree height,
diameter at breast height (DBH), stem volume and aboveground biomass.

1.4 Problem statement
Deriving structure of forests is an important parameter required for climate change modeling
studies, carbon flux accounting and greenhouse gases inventories. Various remote sensing
methods employing optical data have been carried out so far but SAR polarimetry and
interferometry constitutes a promising tool for forest parameter retrieval at higher wavelength
(Garestier et al., 2009). Forests and other vegetated regions like agriculture land, grasslands
constitute a complex scattering media with canopy, trunk and ground producing different
scattering mechanisms.
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Many studies have reported correlations between SAR backscatter and forest stand parameters
such as age, basal area, height and biomass (Hussin et al., 1991 and Dobson et al., 1992) and
have successfully demonstrated that SAR data can be used to discriminate different forest
types and can determine AGB efficiently. The total SAR backscatter can be approximated as
the incoherent summation of contributions from surface, double bounce and volume
scatterers. The backscatter mechanism increases with increasing forest biomass, but this
function saturates at a wavelength dependent biomass density, which limits its usefulness for
biomass mapping (Singh et al., 2014) therefore it is difficult to establish a direct relationship
between SAR backscatter and biomass for areas having a wood volume greater than 100-150
m3/ha. Also depolarization limits the application of polarimetry in vegetated areas. PolinSAR
overcomes both the constraints mentioned above, since it is a coherent combination of
polarimetry and interferometry. With the PolinSAR, phase of the generated interferogram is
expected to change with polarization. Interferograms obtained at different polarization
correspond them to different scattering centers located at different heights in canopy.
PolinSAR coherence which depicts degree of correlation between two datasets acquired from
different spatial positions or at different times for the same area (Neumann, 2009) proves to
be a potential approach for forest height retrieval as it is sensitive to vertical structure and
physical characteristics of the scattering media. PolinSAR coherence allows discrimination
of the 3D structures of the natural volume scatterers such as forests and locates the source
location of the scattering mechanism occurring within one single SAR pixel.
A common method of biophysical parameter characterization is through modeling and
allometric equations. These approaches are used to estimate the aboveground biomass (AGB)
based on the development of indirect relationship with tree parameters like tree height,
diameter at breast height (DBH) etc. Although these methods are practical but their reliability
and usefulness still needs to be improved. Since the volume equations are solely dependent
on DBH, and does not consider forest height as a determining parameter. The performance of
the allometric equations can be upgraded with the inclusion of the TLS derived height. Also
the allometric equations are based on laborious field data collection. Terrestrial laser scanner
(TLS) is a capable approach, which can measure the trunk and canopy structure of a tree in
3D with high detail. AGB estimation from TLS data does not need any prior information
about allometry. Tree tapering function, diameter at any height of the tree and individual
branch biomass can be studied easily with the aid of ground based Lidar.

1.5 Innovation aimed at
The present work takes into account PolinSAR coherence and TLS based approach for
quantifying vivid forest biophysical parameters. The research work investigates the
application of terrestrial laser scanner to derive the estimates of biophysical parameters and
analyzes the potential of PolinSAR based approach for extracting information about different
scatterers present within one SAR resolution cell and hence determines the forest structure.
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1.6 Research identification
1.6.1 Research objective
The current research work quantifies the potential of PolinSAR and Terrestrial Laser Scanner
based modeling for forest biophysical variables estimation.

1.6.2 Sub objectives
To demonstrate the prospective utilization of the space borne PolinSAR and ground based
LIDAR sensor for deriving various biophysical parameters, following sub objectives are
formulated:
1. Derivation of tree height, DBH and stem volume calculation from TLS generated point
cloud through RANSAC modeling approach.
2. PolinSAR coherence estimation for characterization of different type of scatterers

lying in a single SAR resolution cell.
3. Establishment of relationship between different polarimetric channel coherences and field
estimated AGB.
4. RVoG modeling using 3 stage inversion approach for forest height estimation.

1.6.3 Research questions
The research work intends to address the following research questions through this thesis:
1. How can RANSAC technique be utilized for modeling bio-physical parameters from point
cloud data?
2. What is the accuracy of the TLS derived parameters when equated against the field
inventory data?
3. How coherence can be estimated for surface, double bounce and volume scatterers from
PolinSAR technique?
4. What is the relationship that exists between coherence and aboveground biomass?
5. How the vertical structure of a forest can be retrieved using PolinSAR technique?
6. What is the correlation that exists between the TLS and PolinSAR derived parameters?

1.7 Thesis Overview
Chapter 1 presents an overview of need of forest inventory parameters characterization and
presents a brief insights into active remote sensing sensors. The main objective and research
questions are presented. A combination of terrestrial laser scanner and space borne radar
remote sensing approaches is proposed for quantifying forest biophysical parameters.
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Chapter 2 presents a review of different techniques applied for assessing and estimating
quantitatively forest stand parameters. Techniques for assessing forest structure using
PolSAR, PolinSAR and ground based lidar are reviewed.
Chapter 3 describes the study area in detail and provides a brief knowledge of location, extent,
topography, climate and flora and fauna of the study region. This chapter also enumerates the
reasons for taking up the specific study area.
Chapter 4 provides a brief description of the satellite and terrestrial lidar data incorporated in
the research. Also methods used to execute field surveys, processing of SAR and TLS datasets
for quantifying tree height, DBH, Stem volume and AGB in sub-tropical forest of India are
documented.
Chapter 5 presents the research results. Field inventory results have been combined with the
retrievals from PolinSAR and TLS techniques to derive regression relationships between field
and sensor derived parameters.
Chapter 6 provides the conclusions derived from the recent study and recommends possible
future activities.
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2. LITERATURE REVIEW
2.1 Significance of forest biophysical parameters
The terrestrial ecosystem plays an important role in the global carbon cycle as they
can release or absorb globally relevant greenhouse gases such as carbon dioxide,
methane and nitrous oxide. Forest vegetation constitutes a major terrestrial carbon pool
with the potential to absorb CO2 from atmosphere and store it in form of biomass. Forests
contain about 60% of the carbon stored in vegetation and about 50% of the carbon stored in
soil. Globally, forest vegetation and soils contain about 1146 petagrams of carbon, with
approximately 37 percent of this carbon in low altitude forests, 14% in mid latitudes and 49%
at high altitudes. (Dixon et.al., 1994). The vegetative carbon stocks are dynamic, depending
upon various factors and processes operating in the system, the most significant being land
use changes and deforestation induced by human activities (Watson et al., 2000).
Evidence of climate change linked to changes in forest ecosystem by diverse anthropogenic
activities such as land use change together with fossil fuel burning are well documented in
international studies(Solomon, 2007; FAO,2001). Global climate change is the result of the
dramatic increase of anthropogenic greenhouse gases that trap heat in the earth’s atmosphere.
Of all greenhouse gases, atmospheric carbon dioxide (CO2) poses the greatest potential of
warming the atmosphere. Although forests acquire only 31% of the terrestrial surface, studies
report them to be the third largest source of GHG emissions, with a contribution of 13-17%
emissions occurring from them (Garg et al., 2011). Greenhouse gas emissions due to
anthropogenic activities for India in the year 2007 have been reported as 2008.67 Tg CO 2
equivalent by Indian Network for Climate change assessment(INCCA) which is without
considering emissions from the land use, land use change and forestry(LULUCF) sector and
with LULUCF, emissions are about 1831.65 Tg CO2 equivalent (Sharma et.al., 2011). Anaya
et al., 2009 stated forest ecosystem as a global carbon sink and led the emphasis on evaluation
of different forest bio-physical parameter. According to Cramer et al., 2001 tropical forest are
releasing enormous amount of carbon in the atmosphere due to changes in land use and land
cover e.g. deforestation, logging, shifting, cultivation, forest fire, fuel wood extraction.
The significance of forests in mitigating climate change and environmental degradation can
be studied quantitatively as well as qualitatively by the evaluation of various forest
biophysical parameters like tree height, biomass, leaf area index, bark area index etc. These
parameters can be computed through several approaches. These approaches can be
categorized as (i) Field based method (ii) Remote Sensing based method.
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2.2 Field inventory based method
Field based forest biophysical parameter quantification is considered to be most accurate
method. The field based method has been further classified as (i) Destructive method and (ii)
Nondestructive method.
Destructive method is a direct method for estimation of forest biophysical parameter and is
the most accurate one. It involves felling of trees and then development of various allometric
equations (Klinge et al., 1975).After harvesting different vegetation components like stem,
trunk are dried and weighed for biomass measurement. Sharma et al., 1998 demonstrated
destructive methods for biomass calculation in temperate and tropical forests. Rai, 1984
developed allometric equations for tropical rain forests of Western Ghats and used destructive
methods for assessing stem volume and aboveground biomass. Destructive method has been
adopted by FSI, 1996 for generating and developing regional and local volume equations of
Indian tree species. Time, man power and money pose implications on Destructive Sampling
for its frequent use. Implementation of this technique is destructive for the environment.
Non-destructive sampling technique for forest biophysical parameter assessment is based on
developing a relationship between tree height and girth of the tree. (Brown and Lugo, 1984).
Segura and Kannieven, 2005 mapped biophysical parameters of tropical forests with the aid
of regression equations and specific gravity. Jha et al., 2006, characterized forest vegetation
parameters of Western Ghats, India from allometric equations at stand level.

2.3 Remote Sensing Based Methods
Remote sensing represents an important tool for monitoring ecosystem diversity and various
structural aspects of individual ecosystems. It provides a means to make assessments across
several different spatial scales, and is also critical for assessments of changes in ecosystems
pattern over time (Innes and Koch, 1998). Remotely acquired data holds an imperative role
in forest inventory parameter assessment .Synergy of forest resources inventory with remote
sensing techniques are one of the finest and ideal approach for estimation of forest bio
physical parameters for large forest areas (Krankina et al., 2004). Remote sensing systems
with systematic, synoptic and repetitive coverage makes it a potential outstanding tools for
tropical forest management (Lillesand and Keifer,1999).Such techniques have improved
computing power and are becoming an important tool for forest cover mapping,
environmental monitoring and ecological process assessments from global, regional and
landscape levels (Plummer,2000).
Aerial photographs and satellite imagery have been used since 100 years for mapping and
assessing natural features. Use of aerial photographs for stock mapping in India started in
seventies (Tiwari, 1978).Tiwari and Singh, 1984, adopted non-destructive sampling and
quantified biomass of pine forest and temperate forest with the aid of aerial photographs for
Nainital, India. However, aerial photographs are discarded because of their inconvenience in
acquisition.
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Satellite imagery from numerous sensors, integrated with different image processing
approaches over the last 30 years have increased the capabilities to describe spatial and
temporal dynamics of vegetation/forest characteristics at numerous scales. Multispectral
imageries from various resolution sensors, such as Landsat (30 m pixel resolution) and Spot
(5 m pixel resolution) have been used since many years to assess vegetation conditions, types,
stand parameters and phenological changes occurring in the forested areas at local or global
scales. Landsat imagery integrated with field observation data and geographic information
were used to produce quality index maps for various temperate forests species in Turkey
(Gunlu et al., 2008). For the past few years remote sensing techniques are extensively used
for estimating different forest bio-physical parameters (Lu, 2005).The major problem always
lies with the quantification of forest stand parameters for tropical forests, because of its
complex structure and diverse variety in species composition (Foody et al., 2003).
Remote sensing techniques offers upper hand advantages in characterizing different forest
bio-physical parameters of a forest and has been identified as potentially an important tool in
quantification of above ground biomass stocks and associated changes. (Tomppo et al., 2002).
Large area quantification of forest inventory parameters using remote sensing techniques will
help to reduce the uncertainty of biophysical parameters estimation in forest ecosystem and
therefore will improve our understanding of the role of the forests in the global carbon cycle
(Kempeneers et al., 2011).

2.4 Optical remote sensing based forest bio- physical parameter retrieval
Optical Remote Sensing makes use of visible near infrared and short wave infrared sensors to
form images of the earth’s surface by detecting solar radiation reflected from targets from the
ground. Vegetation mapping is done extensively through infrared band. Several methods have
been developed using optical remote sensing for assessment of stem volume and biomass.
These methods may obtain parameters through direct relationship with spectra using multiple
regression(Roy and Ravan, 1996), nearest neighbor (Tomppo et al.,2002; Foody,2003) or by
developing an indirect relationship with biophysical parameters like leaf area index, crown
structure( Zhang et al.,2007). Kuplich et al., 2005 derived leaf area index from NDVI and
used it as a reliable predictor of productivity in woody species especially if appropriate scales
for temporal and spatial integration are employed.
Optical data can be categorized into fine (IKONOS, Quickbird, GeoEye, LISSIV etc.),
medium (Landsat and Liss III) and coarse resolution (MODIS, NOAA). These sensors have
been widely used in estimation of stem volume and above ground biomass. Many approaches
using time spatial resolution data have been used to trace bio-physical parameters. IKONOS,
Quickbird, Geoeye-1 and Cartosat-1 optical sensors have a spatial resolution of less than 5m.
Song et al;2010 calculated the average tree crown size using IKONOS and Quickbird images
which was further used for estimating aboveground biomass of Racoon Ecological
Management area of southeast Ohio, USA and Duke forest in North Carolina Piedmont, USA.
Quick Bird images for open Populus xiaohei plantations were used for crown width extraction
using a multiscale segmentation approach and was later converted to individual stem volume
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using the regression models. (Wang et al., 2007). The spatial resolution and associated
multispectral characteristics of fine resolution sensors have become an important data source
for vegetation analysis, validation or accuracy assessment. But certain drawbacks of high
spatial resolution imageries prohibits their application in large areas.(Lu,2005)The time for
image processing and the cost for image purchase may be important factors influencing the
extensive application of high spatial resolution image for forest monitoring of a large area.
Medium resolution imageries are frequently used as inputs for forest mapping. The most
commonly used medium spatial resolution data are Landsat ETM+ and IRS Liss III data,
which have become the primary source of forest inventory parameter estimation at local and
regional scales (Lu, 2005). Zheng et al., 2004, coupled aboveground biomass values,
calculated from field measurements of tree DBH, with various vegetation indices derived
from Landsat ETM+ data through multiple regression analysis to produce biomass map of
Chequamegon National Forest. Hall et al., 2006 modelled height and crown closure attributes
of forest stand from Landsat ETM+ image and field plot data. These modelled attributes were
then used as inputs to stand level models of above ground biomass and stem volume.
Enhancement of the results was achieved with the fusion of the different sensor images.
Tomppo et al., 2002, combined Landsat and IRS-1C V Wide Field Sensor (WiFS) data for
better estimates of tree-stem volume and above ground biomass in Finland and Sweden.
Coarse optical datasets (resolution > 100m) are rarely used for stem volume and biomass
mapping. Such low resolutions are generally not utilized for forest mapping because of the
problems arising from mixed pixel and a vast difference between the pixel size and field data
(standard 31.62m x 31.62m) posing difficulty in sensor derived result validation. The AVHRR
NDVI data was used to estimate biomass density and assess burnt areas, burnt biomass and
atmosphere emissions in Africa (Barbosa et al., 1999), and to estimate boreal and temperate
forest woody biomass (Dong et al., 2003).While optical remote sensing data offers favorable
opportunities for mapping global forests, but they lack in estimating forest discrimination,
stand height and stem diameter.

2.5 Microwave remote sensing for tropical forest ecosystems
Electromagnetic radiation in the microwave wavelength i.e. 1mm to 1m wavelength region is
used in RADAR remote sensing for providing useful information about the Earth’s
atmosphere, land features and ocean. Frequent cloud conditions often restrain the acquisition
of high quality remotely sensed data by optical sensors. Thus microwave remote sensing
becomes the feasible way of acquiring remotely sensed data within a given time framework
because the radar systems can collect earth feature data irrespective of weather or light
conditions. Radar has been preferred over optical datasets for estimating forest inventory
parameters since it overcomes the following constraints posed by optical datasets1) It is
intricate to retrieve parameters from mixed strands.2) Loss of sensitivity by reflectance data
to forest parameters often total coverage of the canopy.3) Inability to penetrate through the
vegetation and clouds(Singh et al.,2014, Le Toan et al.,1992).Due to ability of radar to
overcome such limitations the radar data have been used extensively for forest monitoring
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and mapping , classification of forest types, and quantification of forest stand parameters. Till
the mid-1970s Radars were recognized for surveillance and target detection, but are now
considered for earth observation and natural resource mapping. Remote sensing applications
utilize the side looking images which are divided into two type’s real aperture radar and
synthetic aperture radar. Synthetic aperture radar (SAR) works on coherent sampling and
processing method of the returned signal and thereby increases the antenna aperture
synthetically for improving the azimuth resolution. With the availability of vast range of SAR
sensors and their capability of providing wide range of polarizations, wavelengths,
interferometric baselines, temporal resolution and feasibility in data formats microwave
products serve as the promising tool in forest parameter characterization.
In Synthetic Aperture Radar (SAR) imaging, microwave pulses are transmitted by an antenna
towards the earth surface. The backscattered energy from the targets is used to form an image
by utilizing the time delay of the backscattered signals. The backscattered power is the signal
which relays the polarimetric information regarding the different scattering mechanisms of
the targets depending upon their structure, orientation and dielectric constant. (Jensen,
2009).The advancement from single to quad polarization has improved the capacity of
synthesizing the polarimetric responses from forest canopy, tree trunk and understory
vegetation in forest area. The backscatter portion of the electromagnetic wave consisting of
different polarizations are measured at SAR sensor and are recorded in the form of scattering
matrix. The scattering matrix measures the polarimetric scattering properties of the earth’s
target. In order to extract the physical information from the polarization description of the
complex earth features, vectorised form of the scattering matrix is utilized. Two commonly
used vectorised forms are Pauli and Lexicographic basis sets. The scattering matrix can be
used to obtain effective information, in case of pure or coherent targets only. In the presence
of multiple targets within a single resolution cell, the backscatter is contributed by complex
scattering mechanisms. Therefore information content within the scattering matrix cannot be
utilized. Thus the second order derivatives of the scattering matrix- covariance and coherency
matrix are used for modelling complex features of the earth (Touzi et al., 2004). The
covariance and coherency matrices are obtained from Pauli and lexicographic basis scattering
vectors, which are generated from scattering matrix (Anfinsen et al., 2008). The covariance
matrix is generated by multiplying the lexicographic scattering vector form of scattering
matrix with its transpose, while coherency matrix utilizes Pauli basis vector form (Zou et al.,
2010).
SAR backscatter information has been widely used to study the effect of interaction of radar
pulses with forest environment. Previous research has shown the potential of radar data in
estimating aboveground biomass (Santos et al., 2003; Treuhaft et al., 2004). For forest cover
mapping and biomass estimations, three basic approaches based on SAR data are used:
backscatter, coherence and phase based approaches. (Koch et al., 2010). If backscatter
approach is utilized then different polarimetric decompositions are implemented to segregate
the total backscattered information from whole pixel into different scattering contributions
obtained from various forest components. Various polarimetric decompositions components
are odd bounce scattering contributed from ground, double bounce scattering contributed by,
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ground-stem interactions and volume scattering from randomly oriented scatterers in leaves,
branches and canopy etc. The polarimetric information from an earth feature contains the
geometric and physical characteristics of the feature under observation. Average scattering
mechanism occurring within the pixels is expressed by polarimetric target decomposition
theorems. The decomposition techniques are categorized as coherent decomposition, which
deals with the pure targets and incoherent decomposition which models the complex feature
with coherence or covariance matrix (Pottier et al., 2007). Freeman and Durden , 1998
suggested that polarimetric radar backscatter can be modelled for naturally occurring terrains,
forests and man-made features in terms of three scattering mechanisms: the volume scattering,
modelled from a cloud of randomly oriented dipoles generally from canopy, the even or
double-bounce scattering, modelled from a pair of orthogonal surfaces with different
dielectric constants and the odd or single bounce scattering, modelled from a Bragg scatter
from a moderately rough surface. Yamaguchi et al., 2005 extended the three component
decomposition model proposed by Freeman and Durden by adding a fourth component, the
helix scattering to take in account of the co-polarized and cross-polarized correlations which
normally appears in complex structures.
Different wavelength radar data have their own characteristics in relating to forest stand
parameters. Radar backscatter in the P and L bands is highly correlated with major forest
parameters such as tree age, tree height, DBH, basal area and aboveground biomass. Sun et
al., 2002 proved the valuability of SAR L-band data for above ground biomass estimation. Le
Toan et al., 1992 found low or negligible correlations between SAR C-band backscatter and
aboveground biomass. Beaudoin et al., 1994 found that the HH polarization return is related
to both trunk and crown biomass, and the VV and HV polarizations are linked to crown
biomass. To prove the potential of SAR data in quantifying forest biophysical parameters,
JERS-1/ SAR data was utilized for aboveground biomass estimation of regenerating forests
(Kuplich et al., 2000). Sun et al., 2002 found that multi-polarization L-band SAR data were
useful for aboveground biomass estimation of forest stands in mountainous areas. Different
scatterings occurring within one single SAR pixel represent the various components of forest.
This is highly dependent on the penetrating depth of the used electromagnetic radiation. Castel
et al., 2002 identified the significant relationship between the backscatter coefficient of JERS1/SAR data and the stand biomass of a pine plantation. Santos et al., 2003 evaluated the
relationship between the backscatter of P-band Synthetic Aperture Radar (SAR) polarimetric
versus biomass values of Brazilian tropical rainforest and found it to be more correlated with
biophysical parameters than other high frequency band. Multi-temporal JERS SAR data were
studied for forest biomass mapping by Rauste, 2005. Rauste obtained a high correlation (r2=
0.85) between multi-temporal JERS SAR data and forest stem volume data and suggested that
multi-temporal L-band SAR data can be used for stem volume and biomass mapping for large
stands.
If measurement of biomass mapping is based on backscatter values, then there exist clear
limitations of saturation in backscatter values after a certain level of biomass. In the previous
studies, approaches based on backscatter intensities have been used to establish a relationship
with biomass. The results showed that a direct relationship with biomass is difficult to
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establish for areas which contain wood volumes greater than 100-150 m3/ha. Fransson, 1999,
used L-band JERS-1 data for forest biomass assessment and obtained R2 values of 0.57 to
0.60 between the exponential of stem volume and radar differential backscatter coefficient (σ)
in three JERS scenes. However, they respectively estimated the saturation point at 136,130
and 157 m3/ha in three scenes. Rauste (2005), estimated the saturation point at 150 m3 /ha. In
many forested areas, the stem volume per hectare is clearly above the saturation point. This
saturation problem is common in radar data. The saturation levels depend on the wavelength
(i.e. different bands, such as C, L, P), polarization (such as HV and VV), and the
characteristics of vegetation stand structure and ground conditions. Ghasemi et al., 2011,
developed relationship of stem volume and aboveground biomass with radar backscatter
values and observed saturation effects with respect to wavelength. Hence integration of radar
and optical sensor data was implemented to demonstrate the potential in improving
aboveground biomass estimation. This technique reduced the data saturation problems.

2.4.1 PolinSAR based Forest bio-physical parameter characteristics
PolinSAR technique involves coherent combination of SAR interferometry and polarimetry.
Polarimetry Interferometric Synthetic Aperture Radar (PolinSAR) is a new radar imaging
technology that came into existence in 1997, with the usage of SIR C L-band data. PolinSAR
differs from conventional radar interferometry in that it involves generation of interferograms
for different transmit/receive polarization pairs. It is then possible to use the change of
interferometric phase with polarization to extract important bio and geo physical parameters
(Cloude and Papathanassiou,2001).The interferometric information is used to determine the
vertical location of the scattering mechanisms within a canopy, when using it for forestry
application (Treunaft et al.,2004).Different polarizations make possible to discriminate
among the various scattering mechanisms occurring inside a pixel and interferometric
processing associates them a scattering phase height. PolinSAR holds important applications
in the remote measurement of vegetation properties such as forest height and biomass.
PolinSAR allows to overcome severe limitations of both the techniques when taken alone i.e.
polarimetry and interferometry alone. This is especially true in the important area of remote
sensing of vegetated land surface, where polarimetry suffers from the inherent high entropy
problem (Cloude, 1996) while standard interferometry remains under-determined i.e. the
interferogram depends on many possible physical effects. PolinSAR offers a window on a
new way to overcome these limitations. PolinSAR algorithms make use of signal coherence
(phase and local phase variance) rather than backscattered power (Touzi 2004).Coherence for
two co-registered Single Look Complex (SLC) data channels consisting of scattering matrix
S1 and S2 is defined by Eq. 3.1
𝛾 = 𝛾𝑒 𝑖∅ =

𝐸(𝑆1 𝑆2∗ )

(3.1)

√𝐸(𝑆1 𝑆1∗ ). 𝐸(𝑆2 𝑆2∗ )

𝛾 value is expected to be lying between 0 and 1.The polarimetric component can be seen in
the scattering mechanism and interferometry arises from the observation of target from
14

POLINSAR AND TLS DATA MODELING FOR FOREST BIOPHYSICAL PARAMETER
CHARACTERIZATION

different look angles. M. Lavalle, 2009, described coherence between the two images as
polarimetric and interferometric relationship between the two. Application of PolinSAR
coherence for forest bio physical estimation overcomes the limitation imposed by SAR
backscatter and does not saturates till 350 t/ha of aboveground biomass, thereby proving to
be a potential approach for quantifying bio-physical parameters (Singh et al., 2014). Gaveau
et al., 2003 reported that coherence images are much more sensitive to changes in woody
biomass than the C-band and L-band backscatter intensity. 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 polarization together with
coherence information. Chandola, 2014 modelled the forest bio-physical parameters using
PolinSAR coherence and was able to retrieve various parameters at an accuracy of 71.5%.The
use of RADAR coherence to estimate stem volume, tree height and biomass has shown
promising results in all types of forests.
Estimation of forest height by means of polarimetric interferometric synthetic aperture radar
(PolinSAR) observations is one of the most promising applications in the field of active
microwave remote sensing. Several techniques have been proposed for the forest height
estimation using single baseline PolinSAR image such as DEM differencing, RVoG
inversion, Coherence amplitude inversion, ESPIRIT method and three stage inversion
etc.(Minh and Zou, 2013).Simplest technique among all is the DEM differencing approach
which works by selecting two polarization channels representing surface and canopy top
scatterings. Difference of the interferograms of these polarization channel when scaled by
vertical wavenumber (kz), provides a direct estimate of the forest height. Cloude and
Papathanassiou, 2001, proposed coherence amplitude inversion technique, where coherence
amplitude in HV channel (related to volume scattering) is compared to the random volume
prediction for obtaining forest height estimate. The two polarimetric channels are selected in
the same way as in DEM differencing where the selected polarization channel’s phase center
lie near to the surface and canopy. Treuhaft et al., 1996 proposed an RVoG (Random Volume
over ground) model for vegetation mapping. RVoG models the vegetation layer especially the
canopy as a homogenous layer containing the randomly oriented scatterers with scattering
amplitude per unit volume (Papathanassiou et al., 2001). Inversion of the RVoG model has
been successfully implemented in forest height estimation with the PolinSAR data. The model
bifurcates the vegetation into two layers that are canopy which provides equal extinction for
all the polarizations and an impenetrable ground whose coherence is assumed to be 1.
(Garestier et al., 2008). Kugler et al., 2010 demonstrated the potential of RVoG model with
a low penetrating capacity X-band dataset for three different sites and obtained a RMSE of
3.54m, 2.11m and 1.77m. RVoG inversion provided satisfactory results at P band also, with
a RMSE in height estimation of 1.2m. (Fernandez, 2007). S. Cloude and K. P. Papathanassiou,
2003 presented three stage inversion technique which predicts the ground topography and
volume coherence using least square method.
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The utility of PolinSAR data has been well investigated but still there is a need of more
exploration of PolinSAR data for bio-physical parameter estimation which can provide more
insight of physical basis of scattering mechanisms from different heights.

2.6 Forest Bio-Physical parameter characterization using TLS
The accuracy of forest biophysical parameters estimated from remote sensing data is
dependent on the quality and quantity of the reference in situ field data. The reference data is
collected manually, which is time consuming, expensive and requires large manpower
resource (Holmstorm et al., 2003). Out of all the biophysical parameters, diameter at breast
height (DBH) is the most important inventory parameter. Terrestrial laser scanner (TLS) or
ground based Lidar proves to be a promising tool for forest inventories at plot level (Thies
and Spiecker, 2004). TLS has been utilized for plot wise forest field inventory since 2000,
with the major objective of these studies being possibility of tree detection, measurement of
DBH and tree height (Watt et al., 2005; Aschoff and Spiecker, 2004).
The inventory parameters can be estimated either by a single scan or multi scan approach.
The single scan approach is assumed to be less efficient than the multi scan approach in terms
of point density and occlusion effect. Moskal et al., 2011 showed that the point cloud data
generated from TLS single scan locations only captures 18% of the total trees, due to an
occlusion effect. This occlusion effect occurring in the single scan can be reduced by
incorporating additional lateral side view scans, which represent the structural variations more
distinctly (Zheng et al., 2012). Multiscan is therefore considered to be the best data source
because they record all trees on the sample plot. However multiscan approach costs a lot of
data collection and processing. While single scan approach does not require any data
registration, data collection and pre-processing is much easier. The major drawback of the
single scan approach is the low tree detection with an increase in distance (Lovell et al., 2011).
Murphy et al., 2010 suggested the improvement of the results of the TLS by removal of the
understory vegetation. The utilization of this concept is suitable for few plots but not for
numerous field plots, since it requires additional manual work.
When extracting forestry parameters from the point clouds there is often a need to model the
scanned tree. Different mathematical models have been applied from a simple measurement
of DBH to complex measurement involving LAI and crown closure etc. The most common
technique utilized for DBH measurement is mathematically fitting circles or cylinder to the
point cloud through least square adjustment (Pueschel et al., 2013). Liang et al., 2012 used
cylinder primitives to fit on dense tropical boreal forests for retrieving inventory parameters.
Other than fitting of mathematical shapes Wezyk et al., 2009 determined the parameters by
using convex hull of the point cloud data. Instead of modelling the whole tree Vonderach et
al., 2012 calculated the diameter at 3 different heights and finally used their sum as
approximation of the DBH. Olofsson et al., 2014 developed method for the tree detection, and
measurements of tree stems and canopies using the Hough transformation and the RANSAC
algorithm. The RANSAC algorithm removes the outlier points and thereby obtains the reliable
estimates. Boesch, 2013 used RANSAC based segmentation approach and fitted cylinders
iteratively in the point cloud and was able to extract DBH of trees up to 0.66m.
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TLS measures the DBH, stem volume, taper function, canopy gap fraction accurately with the
application of modelling approaches, but till now TLS is not preferred for field data collection.
High cost of the TLS instrument, large time consumption in multiple scans, tedious data
processing and unavailability of any dedicated software hinders the application of the TLS
for forest inventory parameter estimation.
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3. STUDY AREA
This chapter provides a brief introduction about the study area and enumerates the details
about location, extent, area, climate and forest flora. The significance of the study area for
this research work is also explained comprehensively.

3.1 Barkot Forest Range
The study area Barkot Forest Range is located in Uttrakhand state and lies at 40 km distance
in south east direction of Dehradun city. Most of the forest area comes under reserved forest
category.
The study area is located in subtropical region between longitude 78.16°E- 78.28°E and
latitude 30.06°N- 30.17°N.Barkot forest range is near to Dehradun district in the Uttrakhand
state on the foothills of lower shiwaliks. Barkot Forest covers an area of around 11498.30
hectares with a reserved forest area of approximately 7120.40 hectares. The area is surrounded
by Lachchhiwala forest range in western part, Thano forest range in north and Motichur forest
range in south.

3.2 Significance of the study area
The principal objective of the research was to extract forest stand height, with the
understanding and determination of various scattering occurring within one single SAR pixel.
Also the emphasis of this research work was to extract tree height, DBH, stem volume with
the application of Terrestrial Laser Scanner.57% of the Barkot Reserve Forest is dominated
by mature Sal (Shorea robusta) trees. During the field visit it was observed that majority of
the Sal trees had cylindrical stem shape with a rare tapering at a height of 1.34m.

(a)
(b)
Figure 3.1 (a) RGB coloured TLS scan of the plot, (b) field photograph, depicting cylindirical
structure of the trees.

This characteristic of the Sal trees provided us an opportunity to extract tree height and DBH
from TLS data with minimum outliers. Barkot reserve forest has a varying density which
provided an opportunity to study the effect of density on TLS data modeling.
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Barkot Forest is an ideal site for explaining the Radar backscatter in terms of volume, surface
and double bounce scattering. The study area has three dry river beds, which contribute in
surface scattering. Also, there are agricultural fields along the National Highway 72, which
are raised by ‘Van Gujjars’. These agricultural fields during the harvest season also provide
odd bounce scattering mechanism.

(a)

(b)

Figure 3.2(a) Surface scattering from the dry river beds, (b) Agricultural fields around the Barkot
Reserve Forest.

The western region of the Barkot Forest has a density of around 70% which accounts this
region as dense forest. In this extent, volume scattering can be observed clearly in the Pauli
RGB of the SAR image. Double bounce scattering can be noticed in the eastern part of the
forest along the National Highway 72, since the forest density is very less (<40%). Interaction
of the electromagnetic waves with the tree trunk and ground yields the double bounce
scattering.

3.3 Topography
Most of the study area has relatively flat, gentle and undulating topography. The terrain is flat
having an average altitude of 340m above mean sea level. Since the terrain is not undulating,
there is no requirement of an external DEM. Barkot Forest lies in Doon valley in the foot hills
of Himalaya bounded by lesser Himalayan rocks in the north and Shiwaliks in the west. Figure
3.3 depicts the location map of the Barkot Forest consisting of three dry river beds with Ganga
River in the north east direction of the forest. Yamaguchi decomposed image of the study area
has been displayed in the figure with a dry river bed (depicted in blue color) between the
forest range and the lower shiwaliks.
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Figure 3.3 Location map of the Barkot Forest. Complete study area is represented by Yamaguchi
decomposition (Red: Double bounce scattering, Green: Volume scattering & Blue: Surface
scattering).

3.4 Climate
Temperate and humid climate is observed near the study area and in the Dehradun district.
The maximum day and night temperatures being 3° to 6° lower than the adjoining districts
throughout the year. The months of May & June are the hottest.
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3.4.1 Temperature
The mean annual temperature recorded in the Barkot Forest Range in past 60 years is 20.4°C
(Recorded by FRI, Dehradun). Summer temperature ranges from 23°C to 41°C with 5° to
23°C as winter temperature.

3.4.2 Frost
Frost is quite common on winter nights. Severe frost occurs in January & February and cause
damage to young Sal regeneration.

3.4.3 Winds
The prevailing winds are from the West and are generally of moderate velocity, except when
severe storms occur during the hot weather especially in April and May. In the evenings there
is always a light breeze coming down the North but there is no typical 'dado' which is such a
familiar feature in the adjoining divisions at the foothills of the Himalayas. The dreaded hot
'loo' rarely manages to cross the Shiwalik ridges. Night dews prevail uninterrupted throughout
the year except for April, May and part of June.

3.4.4 Rainfall
The monsoon generally breaks out at the end of June and the rains continue until about the
middle of September. The average monthly rainfall pattern over past 60 years showed that the
months of January, February, March, April and May received very little amount of rainfall
ranging between 1.01 per cent in April to 2.75 per cent in February. The month of June
received only 9.6 per cent of annual rainfall. Average annual rainfall recorded for the study
area is around 2073.3 mm.

3.5 Forest Flora
The major portion of the forest comprises of Sal (Shorea robusta), which can be broadly
classified into Moist Shiwalik Sal Forest, Moist Bhabar Doon Sal Forest and Dry Shiwalik
Sal Forest. Out of these three forest types most commonly observed is Moist Shiwalik Sal
forest type. Sal is the dominant species in the study area forming nearly pure stands. Teak
(Tectona grandis) was introduced in the forest in 1955, since then it is being raised as
commercial plantation.
Other prominent species are Rohini (Mallotus philippensis (Lank) Muell. - Arg.), Chamror
(Ehretia laevis Roxb.), Sagaun (Tectona grandis L.f), Amaltash (Cassia fistula L.), Jamun
(Syzgium Cumini (L.) skeels) and Khair (Acacia catechu (L.f.)).
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4.DATASETS AND METHODOLOGY
Remotely sensed SAR and ground based Lidar data in conjunction with field survey based
observations have been utilized in the present study in order to obtain forest inventory
parameters. This chapter covers the datasets, tools, softwares utilized and the applied
methodology in detail. Processing of the PolinSAR dataset for estimating the tree height at
Barkot Reserve Forest is explained under methodology. As well as TLS data modeling for
retrieving forest stand parameters are listed under this chapter.
4.1 Description of SAR data, instruments and field inventory

4.1.1 Satellite data utilized
An interferometric pair of fully polarimetric Radarsat-2 SAR data has been acquired for the
Barkot Reserve Forest region. The date for acquisitions of the data were 4th March,
2013(Master Image) and 28th March, 2013(Slave Image). Table 4.1 enumerates the further
specifications about the dataset utilized. Baseline information between the two polarimetric
pair was calculated for estimating the pixel shift in azimuth and range direction. Table 4.2
illustrates the baseline information of the data pair.
Table 4.1 Data characteristics of the polarimetric interferometric data pair
Description
Satellite sensor
Date of acquisition
Wavelength
Frequency band
Incidence angle(°)
Centre latitude(°)
Centre longitude(°)
Nominal scene size(km)

Master Image
Radarsat-2
4th March, 2013
5.5.5 cm
C band
39.28
30.1707
78.1866
25 x 25

Slave Image
Radrasat-2
28th March,2013
5.55 cm
C band
39.28
30.1685
78.1840
25 x 25

Table 4.2 Baseline information for the polarimetric interferometric SAR dataset
Parameter
Normal Baseline
Critical baseline
Time baseline
Range pixel shift
Azimuth pixel shift

Value
78.33 m
3857.57 m
24 days
0.845pixel
88.33 pixel

The dataset was acquired in fine quad polarization with a temporal resolution of 24 days so
that the temporal decorrelation can be minimized. The baseline of interferometric pair is
78.33m, which is suitable range for having less volume decorrelation.
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4.1.2 Terrestrial Laser Scanner data
The terrestrial laser scanning was carried out in the Barkot Reserve Forest from November
2014 to February 2015 with RIEGL VZ- 400 scanner (Fig. 4.1). The RIEGL VZ- 400 3D
terrestrial laser scanner provides high speed data acquisition using a narrow infrared laser
beam accompanied by a fast scanning mechanism. It emits 122,000 near infrared pulses per
seconds and measures the ranges up to 600m. RIEGL VZ- 400 is mounted with a Nikon
camera for capturing RGB values of the scene. Further specifications of the RIEGL VZ-400
TLS in terms of scanner and range performance are listed in Table 4.3 and 4.4 respectively.
Table 4.3 RIEGL VZ- 400 Terrestrial Laser Scanner performance characteristics.
Scanner Performance

Vertical scan(Line)

Horizontal scan (Frame)

Scan angle range

Total 100°(+60°/- 40°)

Max. 360°

Scan Speed

3 lines/sec to 120 lines/sec

0°/sec to 60°/sec

Scanning mechanism

Rotating multifaceted mirror

Rotating head

Angular step width
∆𝜃(𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙)
∆𝜑(ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙)

0.0024°≤ ∆𝜃 ≤ 0.288°
between consecutive laser
shots

0.024°≤ ∆𝜑 ≤ 0.5° between
consecutive scan lines

Angle
measurement
resolution
Inclination sensor

0.0005°(1.8 arc sec)

0.0005°(1.8 arc sec)

Integrated for vertical position

Scanner setup

GPS receiver

Integrated L1 with antenna

Compass

Optional for vertical scanner setup position
Table 4.4 Range performance attributes of RIEGL VZ- 400.
Characteristic

Long Range Mode

High Speed Mode

Laser pulse repetition
rate (PRR)

100 kHz

300 kHz

Effective measurement
rate (meas./sec)

42000

122000

Max. measurement range
natural targets 𝜌 ≥ 90%
natural targets 𝜌 ≥ 20%

600 m
280 m

350 m
160 m

Accuracy

5 mm

Precision

3 mm

Riegl VZ- 400 uses an invisible laser beam for eye safe operation in laser class 1 with a
minimum range of 1.5m.The Laser beam divergence of the scanner is 0.35 mrad which makes
it ideal for forestry applications.
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Figure 4.1 RIEGL VZ-400 Terrestrial laser scanner used for the retrieval of structural parameters at
Barkot Reserve Forest.

4.1.3 Forest inventory data collection
Field data was collected manually in the month of November 2014 to February 2015 for the
validation of the results derived from SAR and TLS data processing. For TLS results
validation 4 plots encompassing 45 tree samples were laid, while 49 plots were sampled for
the accuracy assessment of the SAR data (Fig.4.2). Manual field data inventory comprised of
measurement of tree height and CBH for each tree within the plot size of 31.62m x 31.62m
(0.1 ha). Along with the biophysical measurements, geographic location of the plots were also
recorded. Stratified random sampling plan was adopted for the measurement of these
parameters. Under the stratified random sampling plan whole study area was divided into
different mutually exclusive and exhaustive strata, and simple random sample plots were
taken within each stratum. Table 4.5 enumerates the estimates of plots collected for various
forest types. The sampling was performed independently within each stratum. With this
sampling strategy maximum number of plots were sampled in dense forest (forest density <
40%), which comprised majorly of Mix Sal forest.
Table 4.5 Strata wise distribution of field plots
Forest
Type

Sal Forest

Mix Sal
Forest

Teak
Plantation

Mix Teak
Plantation

Acacia

Haloptelea
Plantation

Mixed
Forest

Plots

5

19

9

3

2

5

6

57% of the total area of the Barkot forest range is dominated by mature Sal forest with an
average tree height of 21.19 m. Since the SAR dataset is of 2013, it can be considered that
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forest stand height variation will be minimum, if any deviation had occur between the two
years.

Figure 4.2 Distribution of field sampling locations in the Barkot Reserve Forest.

The maximum tree height and CBH observed during the field survey was 33m and 1.7m
respectively. Trees with CBH greater than 20 cm were considered for sampling. Plots with
moderate to dense understory were surveyed so that the impact of understory on forest
biophysical parameter retrieval can also be examined/studied.

4.1.4 Ancillary data
Field collected inventory parameters were transformed to stem volume using volumetric
equations from the Forest Survey of India (FSI, 1996). While Specific gravity values from
“The Specific Gravity: Indian Woods” were used to determine AGB from stem volume
quantities.

4.1.5 Instruments



GPS was used for recording latitude and longitude information of the sample plot.
Magnetic compass was used for laying square plots.
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Measuring tapes of 5m and 30 m were used for measuring circumference at breast height
(CBH) of each tree within the plot and for measuring the dimensions of the plot
respectively.
Laser Dendrometer was used to measure the height of trees within the plot.

4.1.6 Softwares
Following softwares were utilized for processing and analysis of TLS and SAR data:


RiSCAN PRO v 1.7.9: All the terrestrial laser data acquisition, initial data preprocessing and data visualization has been done with the help of RiSCAN PRO, an
accompanying software package for the RIEGL 3D laser imaging scanners.



Cloud Compare: Individual tree biophysical parameters were extracted from the point
cloud using cloud compare software, an open source software for 3D point cloud and
mesh processing.



PolSAR pro v 5.0: PolSAR pro was utilized for all PolinSAR data processing and forest
height retrieval.



ENVI 5.0: For the extraction of coherence and height values of forest stands from the
SAR images and their analysis was done in ENVI 5.0.



ArcGIS: ESRI’s ARCGIS is a famous platform for working with maps and spatial
information. The maps in the project have been generated using ARCGIS software.

4.2 Methodology
The main purpose of this research is to estimate forest biophysical parameters, with the
utilization of SAR and TLS data. Further a comparative analysis between the attributes
derived from single scan and multiscan TLS will also be studied. Present research work has
been be done in three phases (i) Field data based stem volume and AGB estimation (ii)
Terrestrial Laser scanner based forest parameter retrieval (iii) PolinSAR based approach for
forest structural parameter estimation.

4.2.1 Fieldwork and calculations
Field data comprised of measurement of tree height and CBH of each tree with in the sample
plots of size 31.62m x 31.62m (0.1 ha) (Fig.4.3). A plot dimension of 0.1 ha is an ideal size
for validating the outputs from the SAR data, since SAR pixel after multilooking process
approximates to around 22m. The CBH of each tree measured in the plots were converted to
diameter at breast height (DBH) using the circumference formula (CBH = π/DBH). DBH
estimation will be utilized for further calculation of stem volume and AGB.
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Figure 4.3 Field plot size for stratified random sampling

4.2.2 Calculation of Basal Area
Stand basal area is a useful parameter for the forest mensuration, as it can be easily collected
and can be related to other forest biophysical parameters e.g. stand volume easily. For the
calculation of basal area, diameter of all the stems present within the plot are measured at a
standard height i.e. 1.34 m above the reference ground.
A general area of circle formula (Eq. 4.1) was used to retrieve the basal area (BA) estimate
given by:
𝐵𝐴 = 𝜋𝑟 2
(4.1)
where BA is the Basal Area,
r is the radius of tree in meters
π is a constant with numeric value 3.1415

4.2.3 Calculation of Stem Volume
Stem volume is the most widely used measure of amount of wood quantity and is usually
estimated for assessment of aboveground biomass. Stem volume can be calculated for
standing trees from the attributes such as diameter or diameter plus tree height, using a volume
equation or a log rule.
The stem volume of each tree was calculated using the species- specific volume equations
from the Forest Survey of India (Forest Survey of India, 1996). These volume equations
majorly require the input of stem diameter. These Stem volume equations were selected both
on global as well as local basis as per the availability of the equations for each of the species.
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For TLS results validation, only Sal (Shorea robusta) and Teak (Tectona grandis) reference
tree samples within the plots were used. Stem Volume of Sal (Shorea robusta) and Teak
(Tectona grandis) species was calculated using the equation (4.2) and (4.3) respectively.
While for SAR data output accuracy assessment all tree species present within the plots were
considered. The stem volume equations of all these species is provided in Appendix (I).
2

𝑉 = (0.16306 + 4.8991𝐷 − 1.57402√𝐷)

(4.2)

𝑉 = 0.08847 − 1.4693𝐷 + 11.98979𝐷2 + 1.970560𝐷3

(4.3)

where V is the Stem Volume (cu.m),
D is the diameter of tree at breast height in meters (m)
In the absence of stem volume equations, it is possible to utilize geometric relationships to
approximate the stem volume. Stem volume for such trees was calculated using the Equation
(4.4) given below:
𝑉𝑞𝑔 = 𝑔2 ℎ = (𝜋𝑑)2 ℎ

(4.4)

Where 𝑉𝑞𝑔 is the stem volume, g refers to the circumference at breast height, d is the diameter
of the tree, and h is the height.

4.2.4 AGB estimation
The field AGB was calculated using the values of stem volume obtained from the previously
stated equations and specific gravity values collected for each species from Indian Woods,
Volume I to VI (Chowdhury et al., 1958,; Purkayastha, 1985). Formula for AGB calculation
is given as:
𝐴𝐺𝐵 = 𝑆𝑉 × 𝑆𝐺

(4.5)

where,
AGB is Above Ground Biomass, SV is Stem Volume and SG is Specific gravity.
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4.3 Approach
The flowchart (Fig. 4.4) shows the steps that were followed for retrieving the forest biophysical parameters from two sensors i.e. Terrestrial Laser Scanner and Radarsat-2 satellite
sensor. It shows how the correlation was established between the bio-physical parameters
derived from both the techniques.

Radarsat-2 PolinSAR Dataset

TLS Data Acquisition

Pre Processing

Generation of Master image
scattering matrix [S1]

Data Registration
Filtering
Data Segmentation

Generation of Slave image
scattering matrix [S2]

Co-registration of master and slave images
Baseline estimation

Point Cloud slicing at 1.34m
from ground

Interferogram generation for
different polarimetric channel
combination

Best fit cylinder primitive
through RANSAC

•
•






DBH
Stem Volume
AGB
Tree Height

Generation of 6*6
coherence matrix
Coherence estimation for
HH-VV, HV+ VH & HH +
VV channel

PolinSAR RVoG based Tree Height
estimation
Field Data

TLS data processing

Accuracy assessment
• Regression Analysis
• RMSE calculation

Figure 4.4 Flow diagram of the methodology
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4.4 Terrestrial Laser Scanner based forest parameter retrieval
4.4.1 TLS data acquisition
TLS point cloud data was collected for the plot size of 20m x 20m. Plot size of 20m x 20m
was selected since the SAR pixel after multilooking process becomes near about 22m.
Another advantage of 20m x 20m plot was that all the trees within the plot were scanned in
detail, which finally led to accurate estimation of the forest parameters. TLS measurements
on the sample plots were made using a multi-scan approach, as shown in Figure 4.5(a).In the
multi-scan approach, several scans were made simultaneously inside (center scan) and at the
lateral sides of the plot to collect point clouds representing all trees within the plot.

20 m

20 m

20 m

20 m

(a)

(b)

Figure 4.5 (a) Single scan data acquisition framework for a plot size of 20 x 20 m (cross representing
scan position) (b) multiscan mode

Multiscan approach was adopted for extracting the biophysical parameters from the TLS point
cloud because it overcomes the limitations of the single scan method. The major drawback of
single scan is that, the trees are shadowed by other trees, since the scan is taken from the focal
point of the plot (Fig. 4.5.b). With the implementation of the multiscan approach, a larger 3D
point cloud was collected for improving the modeling accuracy. Scanning resolution plays a
crucial role in determination of the shape of the feature and attributes from the point cloud.
Hence a precise scanning resolution was selected so that the whole structure of the tree is
defined by the point cloud.
Position and vertical angle of the scanner was set according to the maximum tree height
available in the forest patch so that the whole tree height and stem can be scanned. (Figure
4.6). Maximum tree height observed in the forest plots was 30m. In order to cover the whole
tree height and canopy, the vertical angle of the scanner was adjusted at 70°, and was kept at
a distance of 10.91 m from the plot dimensions.
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Figure 4.6 scanning mechanism of the TLS scanner for a maximum tree height of 30 m.

4.4.2

TLS data registration

A combined analysis of multiple terrestrial laser scanner point clouds recorded from different
positions require a geometric registrations of these scans. In order to cover all the trees present
within 20m x 20m square plot, without occlusion effect, different laser scanner positions are
necessary. Each scan position represents a local co- ordinate system. Analysis of different
laser scanner positions requires all the scans to be in a common reference system. This
transformation process of aligning all scans into a common reference system is called
registration. Two types of registrations are defined (i) marker based registration and (ii)
marker free registration. Marker based registration of the generated scans was utilized for
extraction of biophysical parameters from the point cloud. Registration based on markers
require scanned overlap area between point clouds or adequate points for every scan in
common coordinate system. In order to serve this condition circular flat retro reflectors were
used, which served as the common points in all the scans. (Fig.4.7, a, b) These reference
targets were distributed in the sampling plots in the following manner: all of the targets were
visible from the center scan, and at least three targets were visible from the rest of the scans.
Marker based registration works in two steps (i) identification of the marker (reflector targets)
and (ii) matching algorithm to find the corresponding points between two scans. The markers
were detected as tie points in intensity image of the scan and were matched with the other tie
points of the scan with the application of cross- correlation matching method. For each point
in the target reference system all combinations with the enclosed space angle and its two
distances were calculated and compared with the space angle- distances combinations of other
system. The point belongs to its matching partner if the standard deviation between their
distances is less than 1.Registration of all scans among themselves will finally lead to a
merged scan. Thus a unique point cloud was obtained after registration which covered all the
portions of the multiple scans.
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(a)

(b)

Figure 4.7 (a) Schematic diagram of the plot configuration (20m x 20m plot) with the tie point
position (black circles) and trees (dotted circles), (b) flat retro reflective target of radius 7.65 cm
used for registration of multiple scans.

4.4.3

Filtering

Filtering approach was performed on the registered point cloud data to eliminate unwanted
features like objects passing in the scanner view, understory vegetation, ground and shadows.
(Fig.4.8.a)

(a)

(b)

Figure 4.8(a) Noise present in the plot because of the shadow of the reflector, (b) Diagrammatic
representation of recursive subdivision of a cube into octants and the corresponding octants.

Noise points can be eliminated manually also. But if the number of points are too large to
handle, then reduction of the data has to be done by application of different filters. This
research work utilizes octree filter. Structure of this filter is based on a cube which is
iteratively divided into eight equally sized cubes again and again. (Fig. 4.8.b). The extension
of the base cube is flexible which can be amended according to the individual tree
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requirements. An octree level of 8 was utilized for removing the noise in the data. The division
of the cube into sub cubes was done iteratively by filling the points into the octree. This
process was terminated as soon as the required minimum cube size was reached. After
generation of the octree, each cube contained one point, which was equal to the center of
gravity of the averaged points, in general representing a larger number of points.

4.4.4

Point cloud slicing

All tree stems were perpendicular to the horizontal plane when different scans were registered
into a common coordinate system. Slicing of the point cloud was performed at a height of
1.34m, along the Z axis, since it exhibited a parallel geometry with the tree stems. A plane
perpendicular to the Z axis was selected, and moved along the same axis with a designed step
interval (1.34 m).

(a)

(b)

(c)

Figure 4.9 (a) Schematic diagram for point cloud slicing, (b) sliced data from the point cloud,(c)
Sliced point cloud at 1.34 m(colour bar depecting point amplitude in dB, min. 9.16 dB and max.
63.93 dB).

The plane selected at a threshold of 1.34 m, creates a slice each time when it moves further.
At the end of this process, the entire point cloud was divided into slices. Point cloud data can
be sliced vertically at any height by specifying a threshold to the plane. With the slicing
approach, the point cloud data can be converted to a hundreds of slices.

4.4.5

Tree height determination

Lidar based tree height is defined as the difference between the highest point and the lowest
point of the scanned tree, assuming that the highest point of the cloud may not always
represent the top of the tree. The highest point may sometimes be confused with the
contributions from the canopy also. Individual trees were clipped out from scanned data for
the height estimation and a line vector primitive was utilized for matching with the visible
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height of the trees (Figure 4.9). Finally, tree heights were calculated by considering the lowest
and highest laser points on line vector primitive.

Figure 4.10 Line primitive vector defining distance of 23.82 m between the top and the lowest laser
point of a tree class.

4.4.6

DBH and Stem Volume retrieval through RANSAC algorithm

Random sample consensus (Fischler and Bolles, 1981) is a well-known algorithm used for
fitting mathematical shapes to the data points contaminated with noise. Any input point cloud
data may have two sets of points: inliers and outliers. Inliers are those points whose
distribution in the dataset (D) represents some mathematical shape parameter. While, all the
other points which does not belong to the model characteristics are termed as outliers. The
final output of the RANSAC algorithm is to estimate inliers and outlier points.
RANSAC algorithm works in two phases. The first phase is known as hypothesize phase. In
this step, all the input data points are sampled based on certain mathematical shape parameter
to form a minimal sampling set of points. MSS initially consist of all the points which satisfy
some shape parameter.
Second phase comprises of the testing phase, where the set of points included in the MSS are
evaluated. The input set present in the MSS is tested against each and every point of the dataset
(D). All the points which represent the characteristics of the MSS points, form a new set
known as the Consensus set (CS).
The RANSAC algorithm executes both the steps until there is no scope in improvement of
the CS. When the probability of refinement of points in the MSS falls below a certain
threshold, the final model of these points will be selected and termed as inliers.
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4.4.6.1 RANSAC Parameters
 D: It is the input point cloud data set which is composed of N points D = {p1, p2...pN}.
The dataset is contaminated by noise which is evaluated by RANSAC in terms of inliers
and outliers.
 MSS: MSS represents the minimal sample set which consist of the randomly selected
points from the input D. These points characterize the parameters of the model.
 k: k value describes the cardinality of the MSS. It defines the minimum number of points
required in the MSS for defining a shape parameter from the input dataset D.
 Theta: Theta defines the model parameters obtained from MSS points. These parameters
can be height, radius, center etc.
 δ: Error Threshold. Once MSS has been estimated, error threshold determines which points
of the dataset D belong to the model or not. The error of each of the points of the D are
estimated and compared with this threshold.
 CS: Consensus Set. This set finally represents all the points whose error is less than the
estimated error threshold, and are unvarying for the estimated model.
4.4.6.2 Cylinder primitive through RANSAC
A cylinder is deﬁned as the set of all points in three-dimensional Euclidean space R3 that are
located at a ﬁxed distance from a given straight line known as the axis of the cylinder.
In analytical geometry, a cylinder is deﬁned by radius (r), height (h) and cylinder axis (Υ).
Correct computation of these three parameters yield a better estimate of the geometric shape.
A cylinder is a surface of revolution made up of a circle and an axis, hence no closed form
equation (4.6) can be used as a solution for every point in the three dimensional space.
(𝑥 − 𝑥0 )2 + (𝑦 − 𝑦0 )2 + (𝑧 − 𝑧0 )2 = 𝑟 2

(4.6)

Where (x0, y0, z0) are center of circle and radius r is the locus of all points (x, y, z).
Cylinder estimation algorithm requires the calculation of the distances of the points to an axis.
To calculate a cylinder from a minimum set of points (MSS), three points (xi, yi, zi), which
are not collinear, are necessary. The plane that contains the given three points are deﬁned by
the equation given below:
𝐴𝑥𝑖 + 𝐵𝑦𝑖 + 𝐶𝑧𝑖 + 𝐷 = 0, 𝑖 = 1,2 𝑎𝑛𝑑 3

(4.7)

Once the coeﬃcients A, B, C and D are obtained, the circle that goes through the three points
is computed. This circle is also contained in the same plane. The radius of this circle provides
the estimate of the radius of the fitted cylinder.
Both the radius (r) and the center𝑐 = (𝑥0 , 𝑦0 , 𝑧0 ) of the point cloud data are obtained by
solving the following equations.
𝑑(𝑝1 , 𝑐) = 𝑑(𝑝2 , 𝑐) = 𝑑(𝑝3 , 𝑐) = 𝑟

(4.8)
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With 𝑑(𝑝𝑖 , 𝑐) = √(𝑥𝑖 − 𝑥0 )2 + (𝑦𝑖 − 𝑦0 )2 + (𝑧𝑖 − 𝑧0 )2

(4.9)

Therefore, r is designated as the radius of the fitted cylinder, whereas the cylinder axis is
achieved by taking the normal vector of the plane → and the center of the circle (x0, y0, z0).
𝑈𝑛

These are the necessary parameters to set up the equation of the straight line 𝛾 which is normal
to the plane and goes through the center.
𝑥 = 𝑥0 + 𝑡𝐴
𝑦
𝛾 = { = 𝑦0 + 𝑡𝐵
𝑧 = 𝑧0 + 𝑡𝐶

(4.10)

As a result of these equations, the cylinder cardinality k is 3. Therefore, the Theta vector that
describes the cylindrical shape is comprised of three elements → , 𝑐 𝑎𝑛𝑑 𝑟 .The ﬁrst two
𝑈𝑛

deﬁne the cylinder axis whereas the last one is the cylinder radius. By using the radius and
the axis of the cylinder, the distance of any point to the cylindrical surface can be computed.
This method is finally used for estimating the error of each point of D (input point cloud) to
the surface of the cylinder, which is based on computing the minimum distance
(𝑑𝑚𝑖𝑛𝑗 )between each point of D and the cylinder axis.
𝑑𝑚𝑖𝑛𝑗 =

→

×𝑐𝑝𝐷

|𝑈𝑛 |

→

(4.11)

|𝑈𝑛 |

Where 𝑝𝐷 is a point of input point cloud dataset.
By subtracting the estimated cylinder radius from these minimum distances, the error vector
Ej is obtained for each point (xj, yj, zj) in D.
𝐸𝑗 = (𝑑𝑚𝑖𝑛𝑗 − 𝑟) 𝑤𝑖𝑡ℎ 𝐸𝑗 ∈ 𝐸 = [𝐸1 , 𝐸2 … . . 𝐸𝑗 , … . 𝐸𝑁 ]

(4.12)

Once all the errors Ej have been computed, those points whose error is under the error
threshold (δ) are selected as surface points.
The radius 𝑟 obtained for each of the tree stem by the RANSAC algorithm is converted to the
diameter by using the relationship
𝑑 = 2𝑟
(4.13)
where 𝑑 is the DBH of the tree point cloud.
Stem volume of the point cloud is calculated by implementing a simple allometric relationship
(Eq. 4.14) involving radius and height of each tree point cloud
𝑆𝑉 = 𝜋𝑟 2 ℎ
Where r is the radius (m), and h is the height (m) of tree.
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4.5 PolinSAR based approach for forest structural and biophysical parameter
estimation
4.5.1 PolinSAR Satellite data Processing for coherence image generation
A number of satellite data processing steps were undertaken as shown in methodology
(fig.4.4) to generate the complex coherence from the polarimetric interferometric pair of
RADARSAT-2. Following steps were followed for the complex coherence generation:
1.
2.
3.
4.
5.
6.

Identification of Master and slave images
Co-registration of master and slave images
Baseline estimation
Interferogram generation
Coherency matrix(T6) generation
Complex coherence generation

4.5.1.1 Identification of Master and slave images:
The fully polarimetric SAR system measures the backscatter from the same target at two
different look angles at same time or at different time.4th March 2013 image of the
RADARSAT-2 is considered as the Master image while 28th March 2013 has been considered
as the slave image. Both the datasets can be represented in the form of scattering matrix which
represents the backscatter property of different targets under study. Once the scattering matrix
is measured, the strength and polarization of the backscattered wave can be computed which
provides the preliminary information about target geometry, roughness and other
characteristics. The backscatter information from the two images can be represented as:
[𝑆1 ] = [

1
𝑆𝐻𝐻
1
𝑆𝑉𝐻

1
𝑆𝐻𝑉
1 ]
𝑆𝑉𝑉

(4.15)

2
𝑆𝐻𝐻
2
𝑆𝑉𝐻

2
𝑆𝐻𝑉
2 ]
𝑆𝑉𝑉

(4.16)

[𝑆2 ] = [

4.5.1.2 Co-registration of master and slave images:
Co-registration is a fundamental step in PolinSAR data processing, as it ensures that each
ground target contributes to the same (range and azimuth) pixel in both the master and slave
image(ESA, InSAR processing manual). Any disproportion caused by orbit crossings,
different sensor attitudes and different sampling rates can be accounted by co-registration.
Co-registration involves cross track stretching of one image to compensate for the differing
geometry because of the different view angles. It links the two images and finds the
overlapping area that they share. Co-registration was performed on the datasets, by keeping
master image as reference. A shift of 88 rows and 1 column in the slave image was estimated
by the co-registration process. This step is necessary to reduce the loss of coherence due to
misalignment. Temporal decorrelation is caused due to changes in the time in which the two
images were acquired and they lead to loss in coherence which is balanced by co-registration.
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Figure 4.11 Diagrammatic representation of two acquisitions depicting the necessity for coregistration of both master and slave images to overcome the baseline and sampling induced errors.

4.5.1.3 Baseline estimation:
Baseline is a key parameter in SAR interferometry for height estimation. It represents the
measure of the distance between two SAR antenna locations. This estimation process yields
the information about normal, critical and time baseline, as well as shift in azimuth and range
direction is also calculated. A normal baseline of 78.33 m was obtained for the data pair,
which was less than the critical baseline. Table 4.2 provides the baseline information about
the PolinSAR data pair.
For interferometry, it is essential to have SAR image pairs with suitable normal baseline.
Interferograms generated with smaller baselines are highly sensitive to height changes and
also result in high level of noise. While larger baselines lead to phase decorrelation and
coherence loss between the master and slave acquisitions. Usually baseline is estimated from
the satellite orbital data.
4.5.1.4 Interferogram generation:
Interferogram for the SAR data pair was computed by the pixel to pixel calculation of the
hermitian product of co-registered master and slave images.
𝑣𝑖 = 𝜇𝑀 × 𝜇𝑆∗
𝜇𝑀 refers to master image,
𝜇𝑆 is slave image.

(4.17)

A distinctive bright and closely spaced fringe pattern was observed at the river beds of
seasonal rivers because of the change in elevation. Lower shiwaliks covering the study area
in south east direction show fringes in rather spread out manner. (Figure 4.12).
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River Bed
Lower Shiwalik
Mountains
Figure. 4.12 Interferogram for a normal baseline of 78.3m for HV+VH polarimetric channel

4.5.1.5 Coherency Matrix generation:
PolinSAR technique utilizes coherent combination of two polarimetric images which are
separated by an optimum baseline. Both the images can be individually represented by their
scattering matrix as [𝑆1 ] and [𝑆2 ]. PolinSAR based 6x6 coherency matrix is calculated with
the help of Pauli basis 𝐾𝑝 . Eqn. 4.16 describes the Pauli basis for master and slave image.
𝐾𝑝 = [

𝐾𝑝1
]
𝐾𝑝2

(4.18)

where,
1
+ 𝑆𝑉𝑉
1
]
− 𝑆𝑉𝑉
1
𝑆𝐻𝑉

(4.19)

2
2
𝑆𝐻𝐻
+ 𝑆𝑉𝑉
1
2
2
= 2 [𝑆𝐻𝐻
]
− 𝑆𝑉𝑉
√
2
𝑆𝐻𝑉

(4.20)

𝐾𝑝1 =

𝐾𝑝2

1
𝑆𝐻𝐻
1
[𝑆 1
√2 𝐻𝐻

Hence PolinSAR based coherency matrix can be calculated with the application of equation
given below:
𝑇
𝑇6 =< 𝐾𝑝 𝐾𝑝† >= [ 11
Ω12

†
Ω12
]
𝑇22

(4.21)

PolinSAR coherence matrix dimensions are 8 x 8 in case of general quad pol data, and the
similar matrix reduces to 6 x 6 dimensionality in case of reciprocity condition.
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All the parameters in the 𝑇6 matrix can be further expanded as:
†
𝑇11 =< 𝐾𝑝1 𝐾𝑝1
>

(4.22)

†
𝑇22 =< 𝐾𝑝2 𝐾𝑝2
>

(4.23)

𝑇11 and 𝑇22 are the polarimetric coherency matrix of dimensionality 3x3 generated for master
and slave images scattering matrix.
†
Ω12 =< 𝐾𝑝1 𝐾𝑝2
>

(4.24)

†
†
Ω12
=< 𝐾𝑝2 𝐾𝑝1
>

(4.25)

†
Ω12 and Ω12
are the cross correlation matrices which describe the polarimetric and
interferometric association that exist between two polarimetric images.

4.5.1.6 Coherence estimation
PolinSAR approach may employ two or more than two acquisitions. There may be changes
between the acquisitions which can be temporal, due to random noise. Coherence(𝛾) for two
SAR images relates to the characteristic alterations by defining the complex correlation
coefficient. Estimated coherence statistics lie within the standard of 0 to 1. When 𝛾 has a value
of 0, scatterers have no phase correspondence, and are effectively incoherent. While
coherence having a value of 1, represents the scatterers in perfect correspondence and are
completely coherent.
For estimating the interferometric coherence, unitary projection vectors 𝜔1 and 𝜔2 are used.
Where 𝜔1 = 𝜔𝑝𝑞 and𝜔2 = 𝜔𝑎𝑏 , 𝑝𝑞 and 𝑎𝑏 are the transmit and receive polarizations. The
projection vectors are further utilized for scattering coefficient determination (Eq.4.24 and
4.25) (Cloude and Papathanassiou, 1997)
𝜇1 = 𝜔1† 𝑘𝑝1

(4.26)

𝜇2 = 𝜔2† 𝑘𝑝2

(4.27)

where,
𝜇1 and 𝜇2 are linear combinations of the scattering matrix [𝑆]2 and [𝑆2 ] elements.
Using the Equations 4.26 and 4.27 interferogram can be generated and can be related to the
polarizations given by 𝜔1 and 𝜔2 are as:
†
𝜇1 𝜇2† =< 𝜔1† 𝑘𝑝1 𝑘𝑝2
𝜔2 ≥ 𝜔1† Ω12 𝜔2

(4.28)
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Complex coherence is given as the product of magnitude of complex coherence and the phase
factor. Phase of the interferogram is nothing but the phase difference between master and
slave track images and is given by Eqn. (4.30):
𝛾 = |𝛾|𝑒 𝑖𝜙 = 𝛾(𝜔1 𝜔2 )
𝛾(𝜔1 𝜔2 ) =

(4.29)

<𝜇1 𝜇2† >
√<𝜇1 𝜇1† ><𝜇2 𝜇2† >

=

𝜔1† Ω12 𝜔2
√𝜔1† 𝑇11 𝜔1 𝜔2† 𝑇22 𝜔2

(4.30)

Coherence generated from equation stated above is in complex form and therefore the
magnitude of coherence was extracted using the amplitude images using the following
formula:
𝐴𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒(𝐴) = √𝑟𝑒𝑎𝑙 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 2 + 𝑖𝑚𝑎𝑔𝑖𝑛𝑎𝑟𝑦 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 2

(4.31)

The extracted coherence value was used to study the relationship between different
polarimetric channel coherences and aboveground biomass.

4.6

Forest vertical structure estimation

4.6.1 Vertical wavenumber estimation
The interferometric phase in the PolinSAR data can be related to ground topography 𝑧0 by
the relation:
∅0 = 𝑘𝑧 𝑧0
(4.32)
where 𝑧0 is ground topography and 𝑘𝑧 is vertical wavenumber
Vertical wavenumber function describes the sensitivity of the interferogram to the height
variations.
4𝜋∆𝜃

𝑘𝑧 can be given as: 𝑘𝑧 = 𝜆𝑠𝑖𝑛𝜃
𝑤ℎ𝑒𝑟𝑒, ∆𝜃 = 𝜃2 − 𝜃1 and 𝜃 =

(4.33)
𝜃1 +𝜃2
2

𝜃 is the incidence angle taken for master and slave acquisitions and 𝜆 is the wavelength at
which SAR data is acquired.𝑘𝑧 is purely a function of angle of incidence which is higher in
the near range whereas decreases in the far range where incidence angle increases.

4.6.2

Forest inversion model for PolinSAR

Estimation of vegetation height and other vertical structure specifications necessitates to
establish a geophysical model. This geophysical model under some assumptions relates the
geophysical parameters to the PolinSAR measured derivatives. (Chen et al., 2011). For
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deriving the forest structure from PolinSAR data pair coherence amplitude inversion and
RVoG inversion techniques were utilized.

4.6.2.1 Forest height estimate from coherence amplitude inversion
One major limitation in forest structure retrieval lies in difficulty of ground phase estimation
in the low coherence regions. Low coherence values result in two intersection points on the
unit circle which means two height values for the same point. This height error may be sort
out by coherence amplitude inversion technique. Under the coherence amplitude inversion
technique, phase of the coherence is ignored, while amplitude is used as only determining
factor of height. It involves selection of polarization channel with low surface to volume
scattering. The coherence amplitude of this polarization channel is compared with the random
volume parameter for height estimation. For the height retrieval HV+VH polarization channel
was assumed to be dominated by volume scattering, while HH+ VV polarization channel
represents the ground layer.

4.6.2.2 Forest height estimate from RVoG inversion
Forest can be modeled by considering a single homogenous canopy layer above the
impenetrate ground, known as Random Volume over Ground (RVoG) (Fig. 4.13). The two
layers of the RVoG model are composed of a random volume of scattered particles, which
represent the canopy layer over an opaque ground with a phase center located on ground.
RVoG model assumes that volume scattering occur from the canopy layer while the ground
results in surface scattering
The volume decorrelation (𝛾𝑣0 ) in forest area is directly related to the vertical distribution of
scatterers F (z). Equation (4.34) presents the relationship between the volume decorrelation
and distribution of scatterers. F (z) is a function of ground and volume scattering amplitudes
and extinction coefficient(𝜎).

Figure 4.13 Diagrammatic representation of the RVoG model based contributions from ground and
canopy.
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ℎ

𝛾𝑣0 = exp(𝑖𝑘𝑧 𝑧0 )

∫0 𝑣 𝐹(𝑧 ′ )exp(𝑖𝑘𝑧 𝑧 ′ )𝑑𝑧 ′
ℎ

∫0 𝑣 𝐹(𝑧 ′ )𝑑𝑧 ′

)

(4.34)

Where, ℎ𝑣 is the height of volume (forest) and 𝑘𝑧 is the interferometric wave number.
The estimation of vertical forest structure parameters from interferometric measurements can
be addressed as a two-step process: In the first step, vertical distribution of scatterers is
characterized in terms of a more or less limited set of physical forest parameters and are
related through interferometric coherence through Eqn. (4.34). In the second step inversion is
performed, the volume contribution of the measured interferometric coherence is then used to
estimate F (z) and the corresponding parameters are derived.
In RVoG model, propagation through the volume is considered independent of polarization,
the only acting parameter is the ground to volume amplitude ratio𝜇(𝑣), which is a function of
polarization state 𝜐.Therefore considering the above two layer contribution assumption, the
whole coherence can be expressed as,
𝛾(𝑣) = 𝑒 𝑖𝜙0

𝜇(𝑣)+𝛾𝑣𝑜
1+𝜇(𝑣)

(4.35)

Where ∅0 is function of ground topography, effective vertical wavenumber (𝑘𝑧 ) and 𝜇(𝑣) is
the ground to volume amplitude relation accounting for the attenuation through the volume.
𝛾𝑣0 is the volume decorrelation caused by vegetation layer. Since the forest height is mostly
determined by the forest canopy, the effect of the ground coherence on forest height inversion
is often ignored, so the ground coherence is always set to 1.
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5.

RESULTS AND DISCUSSIONS

This chapter discusses the results obtained from the research work. The major objectives of
this research work were to quantify forest bio-physical parameters with Terrestrial Laser
Scanner and further extraction of forest height from the coherence images generated from
PolinSAR technique. The chapter begins with the section 5.1 which deals with the field data
analysis, which will be subsequently used for validation of the results. The next segment 5.2
describes the results obtained from the TLS data processing to seek out the answer for the
first major objective of the research. Section 5.3 outlines the results retrieved from PolinSAR
data processing in order to achieve last three objectives of this research. The last section 5.4
deals with the comparative analysis between TLS and PolinSAR derived results. Section 5.2
utilizes 45 trees reference data from 4 plots while for all the other sections 49 plots have been
used for validation and accuracy.

5.1. Field inventory results
Tree height, DBH, stem volume and AGB have been estimated for each tree within the plot.
For TLS retrieved forest biophysical parameters, 45 samples were taken as reference. Field
measured DBH, stem volume and AGB of these 45 samples varied from 24cm to 53.9cm,
0.3223 cu. m per tree to 2.7161 cubic m per tree and 0.2340 to 2.9271 tons per tree
respectively. While height of these 45 samples varied from 11.1.m to 29.4m. For the 49 plots
used for the PolinSAR result validation, basal area, stem volume, aboveground biomass and
tree height varied from 14.87 sq.m per ha. To 59.0542 sq.m per ha, 157.1144 cu.m per ha to
446.5879 cu.m per ha, 100.28 tons per ha to 369.94 tons per ha and 14.8m to 31.3 m
respectively.

5.2. Terrestrial Laser Scanner based forest parameter retrieval
The validation of DBH, stem volume, AGB and tree height calculated from the laser scanning
approach against reference field data yielded high correlation coefficient and thus was
successful.

5.2.1. Scanner resolution
Selection of the optimum scanner resolution was obtained by correlating the DBH obtained
from different resolution to the reference field data. Fig. 5.1 shows two images of an
exemplary Sal (Shorea robusta) tree. Fig. 5.1(a) at 0.050° and (b) 0.035°. Table 5.1 and fig.
5.2 illustrates the DBH obtained for the 45 samples at a resolution of 0.05°, while table 5.2
and fig. 5.3 depicts the DBH obtained for the number of samples at 0.035°.
For fig.(5.2) – (5.3), X axis represents the tree id, and double Y axis represents the DBH
obtained from the TLS and reference field data at 0.05° and 0.035° respectively. Both the
scans considered under this discussion are taken from the center of the plot.
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(a)

(b)

Figure 5.1 Tree point clouds of an exemplary Sal (Shorea robusta) tree of height 12 m. (a) Point
cloud created at 0.05° resolution (16,566 points) (b) Point cloud at 0.035° resolution (1,142,935
points).
Table 5.1 Forest biophysical parameters retrieved at a scanner resolution of 0.05(single scan)
Plot 1
Lat: 30.1127°
Long: 78.2130°

Plot 2
Lat:30.1016°
Long:78.2479°

Plot 3
Lat:30.1230°
Long:78.2293°

Plot 4
Lat: 30.1594
Long:78.2210

Total number of
trees

40

33

31

30

Detected trees
without occlusion

21

19

23

17

15.63

15.0

17.47

17.21

43

42

43.3

49.9

22.1

13

13.3

20.6

Maximum
observed height
(m)
Maximum
measured DBH
(cm)
Minimum
measured DBH
(cm)
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Figure. 5.2 TLS derived DBH vs. reference field DBH for 45 samples at a resolution of 0.05°, taken
at the center of the plot (single scan)

Table 5.2 Forest biophysical parameters retrieved at a scanner resolution of 0.035° (single scan)
Plot 1
Lat: 30.1127°
Long: 78.2130°

Plot 2
Lat:30.1016°
Long:78.2479°

Plot 3
Lat:30.1230°
Long:78.2293°

Plot 4
Lat: 30.1594
Long:78.2210

Total number of
trees

40

33

31

30

Detected trees
without occlusion

34

29

27

23

23.5

23.1

21.9

24.1

55.3

47.7

54

55

31.4

18.8

27.9

21

Maximum
observed height
(m)
Maximum
measured DBH
(cm)
Minimum
measured DBH
(cm)
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Figure. 5.3 TLS derived DBH vs. reference field DBH for 45 samples at 0.035° resolution, taken at
the center of the plot (single scan)

Two different scanning resolutions of 0.05° and 0.035° were used for procuring DBH
parameter from the TLS. DBH retrieved at a resolution of 0.05° yielded a coefficient of
determination as 0.288, and a correlation with the field reference data as 0.536. The RMSE
observed for the DBH at this resolution was 7.01 cm which can be attributed as extremely
high error. At this resolution, very few points, nearly, 17,000 assemble to form the tree point
cloud, which are very less in documenting the whole trunk of the tree. All the tree samples
which were near to the scanner were observed clearly, but as the distance from the scanner
increases, the occlusion and shading effect increases, leading to only 56.6% detection of
trees(at 0.05°). At some points high DBH (tree id 13) from the TLS was obtained then as
compared to the reference field measurement this can be because of the merger of the
contributions from the understory with the tree trunk points. When the same TLS scan was
taken at a resolution of 0.035°, it resulted in a high correlation of 0.71 with the reference field
data. The coefficient of determination observed for DBH was 0.51, which is still a low
statistics. RMSE of 5.874 cm was noted for the DBH of 45 samples, while the tree detection
percentage was only 76%. A high deviation from the reference data was noticed, because
single scan was taken into the consideration, which does not covers the whole structure of the
tree. All the 45 samples of the trees were located within the forest plot of moderate to dense
understory vegetation, which requires more scans for differentiating them. Single scan
approach does not captures the whole cluster of trees within the plots, hence this high RMSE
can be minimized with the incorporation of more number of scans.
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5.3.1 Registration of multiple scans
All the 5 scans taken for each plot were registered with only small registration error. The
average number of data points recorded per tree were 1,142,935 for a plot size of “20m x
20m”. Taking 5 scans per plot proved to be beneficial for capturing all the trees within the
plot. The scans were registered with a standard deviation of 0.036.
5.2.3.

Biophysical parameter retrieval through multiple scans

For overcoming the limitations posed by the single scan approach multi scan technique was
applied on all the plots. Table 5.3 enumerates the parameters retrieved from the 4 sample plots
with the application of multiple scans. An increase in the coefficient of determination and
correlation was observed with the application of multi scan approach. Tree detection rate
increased to 100% since each of the plot was covered by scanning from 5 different locations.
Multi scan approach was capable of deriving plot height accurately, even up to 32.2m.
Table 5.3 Parameters retrieved from multiple scans
Plot 1
Lat: 30.1127°
Long: 78.2130°

Plot 2
Lat:30.1016°
Long:78.2479°

Plot 3
Lat:30.1230°
Long:78.2293°

Plot 4
Lat: 30.1594
Long:78.2210

Total number of
trees

40

33

31

30

Detected trees
without occlusion

40

33

31

30

29.575

25.353

28.814

32.2

44.8

52.53

66.5

57.2

25.2

26.424

22

26.42

Maximum
observed height
(m)
Maximum
measured DBH
(cm)
Minimum
measured DBH
(cm)

For the 45 samples taken from these field plots best fit parameters for RANSAC algorithm
were determined. Table 5.4 lists the best fit RANSAC parameters for the multiple scans taken
at 0.035°. These parameters were utilized for each of the sample tree taken for retrieval of
DBH, stem volume and AGB. A point from the TLS point cloud was taken in the MSS set if
its distance to the set of points best fitting the shape was 0.064. Minimum number of points
required for describing a shape was 500 while the error threshold for the points to lie in the
MSS was found to be 0.90. Error threshold considered a minimum deviation for 5°. All the
points lying in a deviation of 5° were placed in the MSS set.
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Table 5.4 Best fit parameters for defining cylinder primitive through RANSAC
Parameter

Value

Maximum distance to primitive

0.064

Sampling resolution

0.129

Maximum normal deviation

5°

Overlooking probability

5.2.4

0.010

Minimum support points per
primitive

500

Normal threshold

0.90

DBH estimation from multiple scans

Registered multiple scans from different locations were used for retrieving the DBH of the
trees. Fig. 5.4 shows the regression graph between the modeled DBH from TLS and field data.
The maximum measured DBH was 66.5 cm, while the minimum measured was 22 cm.
Occlusion and shading effect was minimized in the multi scan DBH retrieval. The accuracy
assessment of the DBH determined from the multiple scans using RANSAC approach is
presented in table 5.5. The sample data size for accuracy assessment was 45. Both the
correlation and coefficient of determination statistics are found to be satisfactory than as
compared to the single scan approach.
Table 5.5 Accuracy assessment parameters for DBH retrieved from TLS
Accuracy
parameter
for DBH

Mean
DBH
(cm)

Coefficient of
determination
(R2)

Correlation

RMSE
(cm)

t statistics at
confidence
interval(95%)

P value

Statistical
value

37.25

0.88

0.94

2.85

2.36

0.022

t statistics test yielded a value of 2.36 which was greater than the t critical value which clearly
states that the TLS derived and filed measured DBH have a notable relationship. The derived
result is statistically significant at the 95% interval level with the p value less than 0.05.Similar
results can be obtained from circle fitting algorithm also. But cylinder fitting method gave
more robust result because there were no extensive branching in the lower parts of the sample
trees. Errors in the measurement can be attributed to the presence of understory in the field
plots. It was noticed that the trees having a certain tapering at breast height resulted in
ambiguous height.
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Figure. 5.4 Scatter plot between field measured DBH (cm) and TLS derived DBH (cm). R 2 value
obtained for the plot is 0.88, which shows that variables are highly correlated to each other.

5.2.5. Stem volume estimation
Stem volume was extracted using a simple allometric relationship involving tree height (m)
and radius (m) of the fitted cylinder as the variables. Only stem height was considered for
calculating the stem volume. Stem height of each of the sample under study was calculated
by obtaining the distance between the lowest and highest laser point of the stem. Table 5.6
depicts the statistics of the tree height metrics calculated from the TLS for 45 sample trees.
The stem height of the samples varied from 22.514 m to 11.1 m.
Table 5.6 Stem height metrics for 45 samples derived from TLS
Accuracy
parameter
for
Height
metrics

N total

Mean
(m)

Standard
deviation

Minimum
(m)

Maximum
(m)

Skewness

45

15.233

3.242

8.151

22.514

-0.033

A skewness of -0.033 was observed for the height metrics which indicates that maximum of
the stem height values varied between 12m to 18m and the distribution of data was flat.
The stem volume derived from TLS, and the field measured stem volume calculated through
FSI volume equations (FSI, 1996) were used for regression analysis (Fig.5.5). In the results,
R2 and RMSE were evaluated to be satisfactory at 0.806 and 0.4 cu.m respectively.
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Figure 5.5 Scatter plot depicting regression analysis between field measured stem volume (cu.m) and
TLS derived stem volume (cu.m).

The results of the accuracy assessment for the stem volume retrieved through TLS are
tabulated in table 5.7. The maximum observed stem volume through TLS was 5.90 cu.m while
the minimum was 0.530 cu.m. Very few tree samples out of 45, had stem volume less than
1.0 cu.m. Till a stem height of 15.55m very less deviation was noted in the estimates of stem
volumes measured from TLS and field inventory.
Table 5.7 Accuracy assessment parameters for stem volume estimated through TLS
Accuracy
parameter
for stem
volume
Statistical
value

Mean
(cu.m)

Coefficient of
determination
(R2)

1.75

0.80

Correlation

RMSE
(cu.m)

t statistics at
confidence
interval(95%)

P value

0.89

0.4

2.67

< 0.05

A correlation coefficient of 0.897 was observed for the 45 tree samples. This low correlation
between the field and TLS measured stem volume can be majorly due to two reasons, (i) the
field measured stem volume is exclusively a function of DBH. It does not considers the height
factor in determination of volume. It is evident from visual analysis of trees also that the DBH
measured at a standard height of 1.34 m is not constant till the entire stem length. Stem volume
for the field inventory data was calculated through the volume equations, developed by FSI.
These equations are solely dependent on DBH and does not provide the stem volume at height
variations, while stem volume through TLS is computed with the integration of both DBH
and height. Low correlation between the TLS and field measured stem volume is due to
absence of height factor in the stem volume equations used for field inventory (ii) error in
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extraction of stem height. The canopy cover in two plots i.e. plot 1and 2 were greater than
40% which lead to false estimation of stem height. In the point cloud data, contributions from
canopy branching posed a difficulty in identifying stems at a height greater than 22m.
5.2.6. Aboveground biomass estimation
Aboveground biomass is a direct function of stem volume and specific gravity. The accuracy
in extracting AGB from the point cloud relies on the successful extraction of the stem volume.
Hence the precision values of AGB are highly dependent on stem volume statistics. Fig. 5.6
enumerates the regression trend between the field and TLS estimated AGB (tons/tree sample).
The coefficient of determination and RMSE derived for AGB calculated from the TLS data
was 0.80 and 0.31 tons respectively. While the correlation coefficient computed between field
and TLS extracted AGB was 0.89.

Fig.5.6 Regression analysis between field measured AGB (tons/tree sample) and TLS measured AGB
(tons/tree sample)

The TLS measured AGB was between the scale of 0.38 tons/tree sample to 4.28 tons/tree
sample. The sources of errors in low coefficient of determination are dependent on stem
volume retrieval accuracy. Table 5.8 shows the statistics of the AGB measured by the TLS
for 45 reference tree samples. It was observed from the skewness test that the modeled AGB
distribution was skewed towards the lower AGB values.
Table 5.8 Accuracy assessment of AGB derived from TLS
Accuracy
parameter
for AGB
Statistical
value

Mean
(tons/tree
sample)

Coefficient of
determination
(R2)

Correlation

RMSE
(tons/tree
sample)

t statistics at
confidence
interval(95%)

P
value

1.27

0.80

0.89

0.31

2.67

< 0.05
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There is a significant positive relationship between the field and TLS derived AGB since the
obtained p value (6.56E-17) is less than 0.05 at a confidence interval of 95%.However the
AGB derived values do not belong to a normal distribution.

5.3 PolinSAR based approach for structural and biophysical parameter
estimation
5.3.1 PolinSAR complex coherence generation
Complex coherences for different polarimetric channels were estimated with the utilization
of 6x6 coherency matrix. Complex coherences were retrieved for HH+ VV, HH-VV and
HV+VH polarization channels. Figure 5.7 depicts the complex coherences retrieved for
different polarimetric combinations.

(a)

(b)

(c)

Figure 5.7 (a) Complex coherence contributed by surface scatterers (HH+VV), (b) coherence
contributed by double bounce scatterers (HH-VV), (c) Coherence contributed by volume scatterers
(HV+VH).

It was observed that the coherence values exhibited a range from 0 to 1, where 0 statistical
value signified a complete decorrelation and a coherence of 1 denoted the presence of pure
scatterers. Very low coherence values were observed in the Barkot Forest region while a high
coherence of almost 0.5 statistical value was noted in the dry river bed area. Presence of the
persistent scatterers in the form of small gravel stones in the dry river bed area yielded a high
coherence value. Figure 5.8 shows the coherence contributed by different scatterers in the
field inventory plots. All three colors i.e. red, green and blue represent the coherence
contributed in HH-VV, HH+VV and HV+ VH polarimetric channel respectively.Forest
region in all the polarimetric channels appeared dark because of the low coherence contributed
by the scatterers.
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Figure 5.8 Coherence contributed by surface, double bounce and volume scatterers in the field
inventory plots.

Coherence contributed by the volume scatterers in the field plots is the lowest with a mean
value of 0.13 and maximum and minimum coherence being 0.34 and 0.00625 respectively.
Volume scattering in forest is contributed by randomly oriented dipoles that are leaves and
canopy of a tree. These scatterers are highly unstable because of the wind, rain and other
natural phenomenon which results in decorrelation. This study utilizes Radarsat-2 data pair
with a temporal resolution of 24 days. With the stretch of 24 days between the data acquisition,
it is well evident that the orientation of the canopy, leaves and branches will change. This
orientation change between the acquisition time period contributes a low coherence. Double
bounce coherence contributed by the sample plots is relatively higher than the coherence
contributed by the volume scatterers. Maximum double bounce coherence of 0.5 was
observed for the plot number 20. A higher double bounce coherence of 0.3 to 0.5 was noted
for the plots which had a sparse vegetation or were near to the river bed area. Presence of
sparse vegetation leads to the interaction of SAR waves with the trunk and ground that leads
to the double bounce scattering. Surface scatterers contributed a mean coherence of 0.17, with
a maximum coherence value of 0.47.

5.3.2

Relationship between PolinSAR coherence and AGB

To investigate the dependency of polarimetric coherence on AGB, scatter plots of AGB versus
polarimetric coherence were produced. (Figure 5.9). Coherence values have been estimated
for all the sample forest plots using 6x6 coherency matrix. It was observed that the coherence
values decreased with increasing AGB (t/ha).
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(a)

(b)

(c)
Figure 5.9 Polarimetric coherence versus AGB (t/ha) (a) HH+VV complex coherence, (b) HH-VV
complex coherence, (c) HV+VH complex coherence.

A negative linear trend was observed from the scatter plots of coherence and the field biomass.
Forest structures are highly unstable due to natural phenomenon which makes them highly
incoherent. To allow the quantitative analysis between AGB and polarimetric coherences,
coefficient of determination was computed which turns out to be 0.12, 0.20 and 0.52
respectively for coherence contributed by surface scatterers (HH+VV), coherence contributed
by double bounce scatterers (HH-VV) and coherence by volume scatterers (HV+VH)
respectively. Coherence contributed by the volume scatterers showed a correlation of - 0.72
with the field estimated biomass. A higher correlation of coherence with the AGB is exhibited
by the volume scatterers because C- band Radarsat-2 dataset has been used in the study. As
compared to other lower frequency datasets C band has a less penetrating power, and hence
the backscatter is generally received from the canopy. One more notable reason for a high
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correlation with the volume scatters was, that maximum number of field inventory
measurements were taken in dense forest(density > 40%). Presence of the dense canopy in
these plots led to more volume scattering than any other scattering.

5.4

PolinSAR based forest height retrieval

The forest stand height is estimated with the implementation of two techniques- RVoG
inversion and coherence amplitude inversion.

5.4.1

Coherence amplitude inversion height

Coherence amplitude inversion was one of the technique applied for the forest height retrieval
in the Barkot Reserve Forest region. This technique works on selection of two polarization
channels containing only volume and surface scattering. HV+VH and HH+VV polarization
channels were selected for the inversion, since Pauli cross polarized channel HV+VH owes
to volume scattering and HH+VV channel is dominated by surface scattering.

Figure 5.10 Linear regression analysis between field measured forest stand height and coherence
amplitude inversion modeled height.

The estimated tree height through coherence amplitude inversion ranged from 15.6 m to
32.4m with a correlation of 0.71 with the field measured data. While the field collected forest
stand height varied from 14.3m to 33m. The linear regression analysis between the field data
and coherence amplitude inversion modeled height yielded a coefficient of determination of
0.49. (Figure.5.10).
Figure 5.11 presents the vegetation height estimated from the coherence values of two
different polarization channels. The red area depicts the drainage channels and fire lines with
a height ranging from 0m to 10m, and the forest stand height is represented by light green
color ranging from 20m to 30m. A height value of 0m to 10m was observed in the drainage
channels because of the volume scattering by shrubs and stones.
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Figure 5.11 Height map of the Barkot Reserve Forest using coherence amplitude inversion technique

The RMSE obtained for the modeled height through coherence amplitude inversion was
2.94m.Table 5.9 presents the accuracy assessment parameters of the coherence amplitude
inversion derived heights. To validate whether a significant relationship exists between the
field and modeled forest stand height, paired t- test was performed. The t value (2.85) obtained
was greater than the t critical value (1.68), with a p value of 0.003 at a confidence interval of
95%. Hence the hypothesis that there is a significant relationship between the measured and
modeled height can be accepted. Barkot reserve forest mostly comprises of mature trees with
an average tree height of 25m. Majority of the forest stand height values computed with this
technique lied around 20m to 25m, which corresponds coherence amplitude inversion method
a robust method for structure derivation.
Table 5.9 Accuracy assessment parameters for the coherence amplitude inversion modeled height
Accuracy
parameter
for RVoG
height
Statistical
value

Mean
Height
(m)

Coefficient of
determination
(R2)

Correlation

RMSE
(m)

Standard
error

Percent
Accuracy

20.79

0.49

0.71

2.94

2.11

90.4
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Coherence amplitude inversion technique estimated the forest height much accurately, with
the modeled height closer to the true height of around 22m.Presence of flat terrain throughout
the forest served as a positive factor in near to precise extraction of forest stand height.
However at several plots, the height was overestimated. This can be because the coherence
approach is highly sensitive to density and structure variations in the vegetation. Also
presence of understory in sparsely vegetated plots led to the overestimation of height.

5.4.2

RVoG Inversion derived height

RVoG is the second technique applied for forest height estimation. In RVoG model, the signal
backscattered from the forest is modeled as the combination of a ground and volume only
contribution. The ground contribution can be the surface scattering or double bounce effect
linked with the tree. The inclusion of the phase information provides a deeper understanding
of the interaction of the radar wave with forest structure. Fig. 5.12 shows the RVoG inversion
height obtained for the interferometric pair of Radarsat-2.

Figure 5.12 Height map generated by RVoG model for the Barkot Reserve forest region.

The forest height obtained by RVoG inversion for the 49 plots under study varied from
11.54m to 30.56m.The field collected height measurement for the 49 plots ranged from 14.3m
to 33m. The height estimated using RVoG inversion has a mean height of 21.18 m with a
standard deviation of 3.92. Fig. 5.13 depicts the scatter plot for height derived using RVoG
inversion and field collected height. The coefficient of determination obtained for the
modelled height is 0.71, while a correlation coefficient of 0.84 was observed.
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Figure 5.13 Linear regression analysis between RVoG modeled height and field measured height

RVoG modeled height has a RMSE of 2.13 m, and t statistic for two sample set observed was
4.4 with a t critical value of 1.68 with a p value of 0.0012 at 95% confidence interval. Since
the p value obtained is less than 0.05, it can be concluded that there is a significant relationship
between the field measured and RVoG modeled height. The skewness and kurtosis value of
the distribution were 0.54 and 0.99 respectively. With these skewness and kurtosis values it
was inferred that the distribution is approximately symmetrical with majority of the height
samples lying in the range of 18.9 m to 21.4m. The accuracy assessment for the RVoG
inversion technique derived forest height is tabulated in table 5.10. The average accuracy
obtained for forest stand height is 91.6% which is a satisfactory statistics.
Table 5.10 Accuracy assessment for RVoG derived height
Accuracy
parameter
for RVoG
height
Statistical
value

Mean
Height
(m)

Coefficient of
determination
(R2)

Correlation

RMSE
(m)

t statistics at
confidence
interval(95%)

P value

21.18

0.71

0.84

2.13

1.68

0.0012

The forest stand height modeled by RVoG technique underestimated the height values at
certain forest plots. This ambiguity in height values is because of the error in ground phase
estimation. At the ambiguous height locations the ground phase is not zero, and most of the
vegetation bias is not removed. Figure 5.14 shows the ground phase height varying from to 7.86 m to 5.57 m. The ground phase height varied from -6m to 5m in the 49 sample plots.
Ground phase height of 6m led to a height retrieval of 11.54m for the forest inventory plot
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number 21. High ground phase height variations were observed in the field plots having
dissimilar tree heights with in the plot.

Figure 5.14 Ground phase height retrieved from the study area from RVoG inversion technique.

This difference in ground phase estimation is due to variations in the canopy and also the
phase becomes noisy during the inversion of HV + VH (represents canopy) and HH+VV
(represents the ground). The height bias is also introduced due to presence of the understory
in the field plots, which leads to the erroneous ground phase estimation. Also it was noticed
during the field survey that very few plots have a uniform tree heights. Majority of the field
plots near to the dry river bed side had multiple age group of trees, which leads to the multiple
scattering centers and hence induced fallacy in the height estimation. RVoG technique
provided a more robust measure of the forest stand height than as compared to the coherence
amplitude inversion. Inclusion of the ground phase height resulted in better estimates of forest
height which were comparable to the field height.

5.5 Comparative analysis of height derived from ground based and space borne
sensor
Tree height was retrieved for the Barkot Reserve Forest region through terrestrial laser
scanner as well as with PolinSAR modeling approach. Table. 5.11 depicts the comparative
analysis of the heights derived from both the techniques in the sample plots laid for TLS
results validation. Height derived from TLS was much more accurate than the PolinSAR
modeling approach. TLS presented a detailed structure of the tree, since five different
locations were used for scanning the sample plots. Scanning from multiple locations
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contributed in accurate estimation of the tree height and other parameters. Forest height
metrics retrieved through PolinSAR modeling approaches are dependent on several
parameters like coherence of the scatterers, temporal resolution and baseline. Variation in
these parameters leads to fallacies in the forest height estimation.
Table 5.11 Comparative analysis of heights derived from field, TLS and PolinSAR modeling approach
Field height (m)

TLS derived
height (m)

CAI derived
height (m)

RVoG derived
height (m)

1

29

29.57

21.63

20.84

2

25.3

25.35

23.31

20.98

3

28

28.814

24.681

25.79

4

32

32.2

23.54

23.0

Plot Number

TLS derived height for plot 1 showed a high correlation with the field measured height, with
an error of only 0.57m. This error may be present in the field measured height also, because
the field height was calculated through the laser dendrometer. Height estimation from the
laser dendrometer is a pure function of the line of sight of the user, which may result in
erroneous height if the laser is not pointed at the top most position of the tree. Large deviations
were observed in the forest height estimated through PolinSAR modeling approach for plot1.
(Table. 5.11). For Plot 2 a comparable height measure was observed between the field and
TLS modeled height, while PolinSAR RVoG inversion process severely underestimated the
height because of the ambiguous ground phase height determination. Similar results were
obtained for Plot 3 and 4 where a high correlation was observed between field and TLS
derived height.
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6. CONCLUSIONS
The prime focus of this research work was to quantify forest biophysical parameters like forest
stand height, diameter at breast height (DBH), stem volume and aboveground biomass of subtropical moist deciduous forest with the conjunction of ground based Lidar and remotely
sensed SAR dataset.
Terrestrial laser scanner modeling was utilized for retrieving tree height, DBH, stem volume
and AGB. RANSAC algorithm was implemented for the extraction of biophysical parameters
from the TLS generated point cloud of ‘20m x 20m’ forest plot. The performance of the
RANSAC algorithm was boosted with the inclusion of multiscan approach at a scanning
resolution of 0.035°. The TLS modeling approach utilized the height factor in the stem volume
determination of the trees, so that the errors induced in stem volume calculation by FSI
volume equations can be eliminated. Accurate estimates of DBH, tree height, stem volume
and AGB were obtained for the forest plots. After the modeling procedure of the point clouds,
the estimated parameters were tested for accuracy against the 45 tree samples collected from
four different plots of the study area. It was observed that the modeled biophysical parameters
from the TLS point cloud were directly related to the number of scans, scanning resolution,
understory and canopy cover of the forest plots.
Incorporation of the multiscan approach at a scanner resolution of 0.035° yielded a 100% tree
detection in the sample plots, whereas the single scan mechanism was able to cover only 76%
of the trees. Utilization of RANSAC algorithm increased the accuracy of derived parameters,
since it was found to be independent of the orientation of the point cloud. TLS modeled DBH
resulted in a coefficient of determination of 0.88, with a RMSE of 2.85 cm and a percent
accuracy of 91.79%, which compares favorably with the ground data. In addition to DBH
estimation TLS derived stem volume and AGB also exhibited a high correlation of 0.89 with
the field estimated stem volume and AGB. The RMSE and percent accuracy for TLS modeled
stem volume was 0.4 and 0.90% respectively.
Second part of the research work covers the forest stand height estimation with the application
of PolinSAR modeling techniques. Two modeling approaches namely coherence amplitude
inversion and RVoG model were trained with the help of complex coherences retrieved for
different polarimetric channels. Complex coherences contributed by surface scatterers
(HH+VV), double bounce scatterers (HH+VV) and volume scatterers (HV+VH) were
calculated and analyzed. The coherence values of all the polarimetric channel existed between
0 to 1, with the lowest coherence demonstrated by the volume scatterers. Coherence
contributed by the volume scatterers ranged between 0.00625 to 0.34. A preliminary study
between the different polarimetric channel coherences and AGB, presented a negative linear
relationship between the two. Out of all the complex coherences, coherence contributed by
the volume scatterers (HV+VH) was found to be more correlated with the AGB. A correlation
of -0.72 was observed for the HV+VH polarimetric channel coherence. These coherence
values in different polarimetric channels along with the vertical wavenumber were used as the
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input parameters for PolinSAR height inversion algorithms. For determination of the accuracy
of the PolinSAR modeled forest height, 49 forest inventory sample plots were laid in the
Barkot Reserve Forest for which CBH and geographic locations were recorded.
Coherence amplitude inversion technique modeled the forest stand height nearly to the true
forest stand height. A mean height of 20.79 with a RMSE of 2.94 m was measured with the
utilization of coherences in different polarimetric channels. The coefficient of determination
and percent accuracy observed for the modeled height were 0.49 and 90.4% respectively.
However, coherence amplitude inversion method, overestimated the forest stand height at
some of the forest inventory plots. RVoG model exhibited better performance in height
retrieval than the coherence modeling approach. The coefficient of determination obtained
from the linear regression analysis between RVoG modeled and field measured height was
0.71 with a RMSE and percent accuracy of 2.13m and 91.6% respectively. RVoG height
inversion modeling approach overcame the overestimation of height limitation, as posed by
the coherence approach. Inclusion of the ground phase height information in the RVoG model,
calibrated the estimation of the forest height. It can be deduced from the PolinSAR modeling
for forest height results, that RVoG model can provide reliable stand height metrics if applied
on a flat terrain.
Forest stand height derived from TLS and PolinSAR data modeling were compared and
analyzed with the four forest sample plots laid for the TLS data validation. TLS derived height
for each of the plot was nearly equivalent to the field measured height, with a small error
ranging between 0.2 m to 0.8m. A difference in height of 8m to 10m was detected between
field measured and PolinSAR quantified forest stand height. It can be concluded from the
error ranges that TLS proves to be a more efficient sensor in determining the height of the
forest stand. A significant finding of the research work is that the TLS involves direct
measurement of the vertical structure of the forest stand, while PolinSAR modeling
approaches demand knowledge of coherences and other ancillary variables.
The mapping of forests, from local to global in terms of their status and development is of
increasing importance. This is due to the paramount role of forests in the cyclic flow of carbon
and mitigation of climate change effects. Malhi et al., 2000 stated that tropical forests occupy
an area of approximately 17560 x103 km2 of the earth surface and are assumed to be storing
60% of the world’s living terrestrial carbon sinks. In comparison to the tropical forests, boreal
and temperate forests sequester only 40% of the world’s carbon sink. In order to estimate
carbon sequestration in the tropical forests, mapping of different forest biophysical parameters
and the monitoring of changes occurring over time is needed. This research work emphasized
on quantification of biophysical parameters of one of the sub-tropical forest of India which is
harboring an aboveground biomass of 100t/ha to 369t/ha. It can be inferred from this research
work that terrestrial laser scanner and PolinSAR modeling approaches manifest substantial
capacity for forest mapping and biophysical parameter estimation of the tropical forests.
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6.1 Recommendations
The study assessed the estimation of forest biophysical parameters from the TLS point cloud
data by extraction of individual trees from the forest inventory plots. This process includes a
lot of manual work for understory and ground removal, registration of different scans etc. An
automated point cloud processing technique for the quantification of biophysical parameters
will save time and yield a more accurate result.
Present study utilizes fully polarimetric C- band dataset for forest vertical structure estimation
from the PolinSAR modeling approaches. C band electromagnetic energy is unable to
penetrate through the canopy so most of the backscattered power received at the SAR sensor
is from the canopy component of the forest. For improving the results of tree height retrieval,
it is recommended to employ multi-baseline datasets with longer wavelengths (L and P band)
which can penetrate beneath the canopy. It is suggested that impact of tree species, weather
conditions and soil moisture parameters on polarimetric coherence should be considered for
enhancing the accuracy of the forest biophysical parameter estimation.
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APPENDIX I: Species-wise volume equations used for calculation of SV

Botanical Name

Volume Equations

1
2

Local
Name
Amaltash
Bel

Cassia fistula L.
Aegle marmelos (L.) Correa

3

Chamror

Ehretia laevis Roxb.

0.066+0.287*D2*H
0.000342+0.0922*D+2.28178* D2*H
(-0.03844+0.94649*D-5.40987*
D2+33.17338*D3)

4

Bakli

5
6

Haldu
Jamun

7

Kanju

8

Khair

Anogeissus latifolia Roxb. ex
DC.
Adina cordifolia (Roxb.) Hook. f.
Syzgium cumini (L.) Skeels
Holoptelea integriflora (Roxb.)
Planch.
Acacia catechu (L.f.) Willd.

9

Lissora

Cordia oblicua Willd.

10
11
12
13
14

Sal
Shisham
Tun
Semal
Teak

15

Rohini

16

Awla

17

Domsal

18
19
20

Lanthus
Lyptis
Sehen

Shorea robusta Gaertn f.
Dalbergia sissoo Roxb.
Toona ciliata Roem.
Bombax ceiba L.
Tectona grandis L. f.
Mallotus philippensis (Lamk)
Muell.-Arg.
Phyllanthus emblica L.
Miliusa velutina (Dunal) Hook.
f. & Th.
Ailanthus excels Roxb.
Eucalyptus species
Terminalia alata Heyne ex Roth

S.No

(0.46976+5.99849*D-2.60729* )2
(-0.16354+2.81144*D) 2
0.09809-1.94468*D+13.36728* D2-6.33263* D3
0.00342-0.0922*D+2.28178* D2+9.46641* D3
0.02384-0.72161*D+7.46888* D2
(-0.49388+7.56417*D-31.45373* D2+50.93877*
D3)
(0.16306+4.8991*D-1.57402* ) 2
(-0.013703+3.943499* D2)
1.10314-3.52579* +15.50182* D2
(-0.032-0.619*D+7.208* D2)
0.08847-1.46936*D+11.98979* D2+1.97056* D3
0.14749-2.87503*D+19.61977* D2-19.1163* D3
0.13734-2.49039*D+15.59566* D2-11.06205* D3
0.00855+0.4432* D2+0.28813* D2*H
(0.32056+5.16781*D-1.83345* ) 2
0.02894-0.89284*D+8.72416* D2
0.08658-2.04096*D+13.28405* D2-3.58047* D3

(Source: Volume Equations for Forests of India, Nepal and Bhutan, FSI (1996)

where,
D = diameter of tree at breast height (m)
H = Height of tree (m)
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APPENDIX II: Specific Gravity Values

S.No
1
2
3
4
5
6

Local Name
Amaltash
Bel
Chamror
Bakli
Haldu
Jamun

7

Kanju

8
9
10
11
12
13
14

Khair
Lissora
Sal
Shisham
Tun
Semal
Teak

15

Rohini

16

Awla

17

Domsal

18
19
20

Lanthus
Lyptis
Sehen

Botanical Name
Cassia fistula L.
Aegle marmelos (L.) Correa
Ehretia laevis Roxb.
Anogeissus latifolia Roxb. ex DC.
Adina cordifolia (Roxb.) Hook. f.
Syzgium cumini (L.) Skeels
Holoptelea integriflora (Roxb.)
Planch.
Acacia catechu (L.f.) Willd.
Cordia oblicua Willd.
Shorea robusta Gaertn f.
Dalbergia sissoo Roxb.
Toona ciliata Roem.
Bombax ceiba L.
Tectona grandis L. f.
Mallotus philippensis (Lamk) Muell.Arg.
Phyllanthus emblica L.
Miliusa velutina (Dunal) Hook. f. &
Th.
Ailanthus excels Roxb.
Eucalyptus species
Terminalia alata Heyne ex Roth

Specific Gravity
0.746
0.754
0.571
0.62
0.68
0.647
0.498
0.88
0.73
0.28
0.69
0.625
0.8
0.57
0.571
0.75
0.615
0.5
0.79
0.63

(Source: Indian Woods (Volume I to VI), FRI (Chowdhury et al., 1958, Purkayastha, 1985)
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