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ABSTRACT
Global warming and consequent climate changes are expected to influence the natural vegetation
positively as well as negatively. It is imperative to assess the temporal forest cover to record these
influences in the natural vegetation cover, growing stock and biomass. With its synoptic view and
repeativity, coupled with canopy penetrating capacity of radar signals, SAR interferometry is fast
replacing the traditional field based methods for biomass estimation. A low incidence angle of SAR
images enhances the sensitivity to biomass and use of high incidence angle improves mapping of
deforestation. As accurate mapping of forest has been found to be difficult in areas with large number of
species, dual polarisation capacity of ‘Envisat’ ASAR was used to map forest cover in tropical areas.
Dudhwa Tiger Reserve in terai region of Himalayan foothills in India with its sal forests, tall grasslands
and swamps maintained by periodic flooding plays a vital role in the maintaining water and climate
regimes of the region. The region was selected for the purpose of estimation of aboveground biomass and
forest stand parameters with help of SAR and InSAR parameters provided by ‘Envisat’ ASAR data. The
study intends to develop a semi-empirical model to retrieve forest parameters for biomass inventory over
a heterogeneous tropical forest area using SAR backscatter and InSAR coherence. In the process, the
potential of model-based approach for retrieval of aboveground biomass and forest stand parameters and
retrieval of model parameters of Water Cloud and Interferometric Water Cloud Models with ‘Envisat’
ASAR data for tropical forest area were carried out. After estimation of interferometric tree height from
the phase of interferogram using semi-empirical Interferometric Water Cloud Model, the modelled tree
height with the help of model parameters estimated using modelling approach. To fulfil the above
mentioned objectives, backscatter image was generated; coherence and phase were estimated and model
training to estimate the model parameters were carried out. With a model based approach to retrieve
aboveground biomass, stem volume and tree height, Water Cloud Model and Interferometric Water
Cloud Model were trained with the help of ASAR backscatter and InSAR coherence information. The
training procedure consisted of an iterative regression of Water Cloud Model and Interferometric Water
Cloud Model with which accurate estimates of backscatter of vegetation, backscatter of ground, two way
tree transmissivity, coherence of vegetation, and coherence of ground were obtained. The two models
showed dependency of backscatter values and coherence on stem volume. It was further observed that
backscatter values were directly correlated with stem volume and ASAR coherence showed the inverse
relation with stem volume. For stem volume and woody biomass retrieval by Water Cloud Model high
accuracy with low root mean square error was obtained after multi-temporal approach by combining
backscatter images with appropriate weighting coefficient. With multi-temporal analysis using coherence
images showed better results as compared to individual coherence images. InSAR coherence values are
more suitable than the SAR backscatter values for stem volume retrieval and interferometric tree height
retrieval from InSAR phase information showed poor relation with ground-measured tree height.
Modelled based tree height showed better results than the interferometric tree height and further showed
a better correlation than the interferometric tree height which was obtained between forest tree height
and modelled tree height. Finally the results indicate that it is possible to retrieve forest biomass and
forest stand parameters using modelling approach with the help of space-borne radar data including insitu measurements.
Keywords: ASAR, InSAR, tropical forest, backscatter, coherence, interferometric phase, multi-temporal,
biomass, stem volume, tree height.
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RETRIEVAL OF FOREST PARAMETERS FROM ENVISAT ASAR DATA FOR BIOMASS INVENTORY IN
DUDHWA NATIONAL PARK, U.P., INDIA

1. Introduction
Forests are dynamic systems which respond to the slightest of changes brought about in our
environment. Environmental changes at global scale are reflected by change in forest cover and forest
characteristics at local level. There are several reasons (natural, manmade and man induced) due to
which changes in forest occur that lead to deforestation, loss of species and changes in climatic pattern
of our planet. With the advent of industrial revolution the pressure on forests started to rise and in the
present age of urban revolution our forest lands have been subjected to immense pressure that has
brought about not only the major changes in extent and characteristics of our forests but has also
pushed some of them to the blink of extinction. With time, we have understood that shrinking forest
cover coupled with loss of species leads to ecological imbalances and collapse of different biochemical
cycles and chains that ultimately will have adverse implications on human welfare and survival. Thus
how certain or uncertain our future will be depends on what will be the condition of our environment.
State of our environment is reflected in the status of our forests and this makes the constant monitoring
the forest extent as well as the more delicate and sophisticated characteristics of forest like stem
volume and biomass both relevant and essential. In past these information have been collected
manually by ground survey but in present time when more and more information needs to be gathered
for almost every patch of forest and also at regular interval it seems that the role of remote sensing not
only becomes essential but also inevitable.
Biomass has been considered as an important parameter to measure the changes in forest structure
(Schreuder et al. (1997) in Husch et al. 2003). Biomass is described as the plant material produced by
the plant as a result of photosynthesis and its measurement is based on commonly accepted principles
of forest inventory and ecological survey. Forest inventories are carried out to collect information
regarding forest extent, tree species and their age and total annual increment. Changes in forest areas
can be derived with relatively good accuracy from in-situ sampling or remote sensing. Good
estimation of stem volume forest biomass on account of its ever changing nature remains an
interesting and challenging task for researchers. Consequently information at regular intervals is
essential for forest management activity for stem volume and biomass assessment. For growing stock
and biomass estimation, the data on the forest type, density, stem diameter at breath height and the tree
height is normally collected using single, double or multi stage inventory design. As stated earlier field
inventory is not only a tedious and time consuming task, it becomes too complicated to be handled
manually in heterogeneous forests as the number of species within the stand increases. Remote sensing
on its synoptic view and high spatio-temporal resolution now days play important role in forest
monitoring. The added advantage of remote sensing is easy monitoring of areas that are inaccessible
for field observations.
Optical remote sensing data have been used in past in discriminating forest type, density and extent.
However the major limitation of optical sensors was that they could only detect the forest canopy
which meant that information relating to forest structure could not be retrieved from them. By late
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1970s and 1980s (Henderson & Lewis, 1998) radar remote-sensing emerged as a solution to the
limitations faced by traditional optical sensors.

1.1.

Radar Remote Sensing

Radar sensors on account of their much longer wavelengths (1 mm to 1m) have not only cloudpenetrating capability but also the waves can penetrate the atmospheric moisture as well as the upper
vegetation layer of forest canopy and are scattered by leaves, twigs, branches and stem.
To capture the objects in form of digital images radar sensor emits the electromagnetic radiation in the
direction of the surface of the Earth. When this radiation hits upon an object on earth it is scattered in
all the possible directions and certain amount of radiation received back by the sensor. The strength
and nature of scattered radiation received back by radar antenna is known as radar backscatter and it
indicates the structure and size of the canopy and also the growing stock and the biomass.
In general it is found that (Jensen, J.R., 2006; ASAR product handbook, 2007) a longer the radar
antenna and a narrower beam width result in higher the azimuth resolution, so more precise
information about a particular object can be obtained. To place a very large satellite antenna in space is
very expensive, so another technique which uses the satellite motion and Doppler principles to
synthesize a long antenna by a short antenna is used to obtain fine resolution in azimuth direction. The
system which uses the technology to synthesize a long antenna by a short antenna is known by the
name Synthetic Aperture Radar (SAR) system. For mapping and monitoring purpose of forest the
wavelengths used by SAR system are categorized (Balzter, 2001) according to the size as; X-band (a
frequency range from 12.5 to 8 GHz within microwave portion of electromagnetic spectrum with
wavelength range 2.4 to 3.75 cm), C-band (a frequency range from 8 to 4 GHz with wavelength range
3.75 to 7.5 cm), L-band (a frequency range from 1 to 3 GHz with wavelength range 30 to 10 cm) and
P-band (a frequency range from0.99 to 0.29 GHz with wavelength range 30 to 100 cm). Radar remote
sensing with its unique characteristic and ability has shown its potential for forest monitoring and this
topic will be discussed further in literature review.

1.2.

Problem Definition

Several studies have been carried out to map the forest vegetation cover and to model it using C-band
SAR data, but only few of them have focussed on tropical forest, which covers a large part of total
available forest area of the world. During forest mapping use of low incidence angle enhances the
sensitivity to biomass and use of high incidence angle improves mapping of deforestation (ASAR
product handbook, 2007). Multi-incidence angle data obtained from ‘Envisat’ ASAR improves the
capacity to monitor the deforestation and estimation of biomass (and other biophysical parameters) of
a forest area. Dual polarisation capacity of ‘Envisat’ ASAR improves the capacity of monitoring to
discriminate the forest types (ASAR product handbook, 2007). Vegetation mapping of forest becomes
very difficult in those forests which contain different types of vegetation species. Multi-temporal
ASAR data obtained from ‘Envisat’ show the capacity to separate the vegetation types available in a
mixed forest area.
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Different types of models have been used for forest parameter retrieval such as the Water Cloud Model
(WCM), (Askne et al. 1995; Wegmuller et al. 2007), Interferometric Water Cloud Model (IWCM),
(Askne et al. 1995; Dammert et al. 1999; Santoro et al. 2002), Michigan Microwave Canopy
Scattering (MIMICS), (Ulaby et al. 1988; Dobson et al. 1992; Imhoff, 1995) etc. It is found that one
of the most suitable model for forest stand parameter retrieval with C-band SAR data is WCM which
includes only the direct backscatter of vegetation and ground and it does not include volume scattering
and double bounces of microwave by vegetation branches due to the shorter wavelength of C-band in
the microwave spectrum (Askne et al. 1995, 2005). The model parameters of WCM are area fill factor
and backscatter of ground and vegetation. According to previous studies it has been investigated that
backscatter of vegetation and ground show saturation effect in other words variation in the backscatter
values for an object shows more dependency on the environmental conditions rather than the targeted
object (Santoro et al. 2005; Askne et al. 2007). Use of coherence in a model makes it independent of
such type of saturation and better results have been obtained by using SAR backscatter and InSAR
coherence. A model which includes both SAR backscatter and InSAR coherence to retrieve forest
biophysical parameters is IWCM which was first introduced by Askne et al. 1995. All the studies done
for forest mapping using WCM and IWCM uses the tree height obtained from in-situ measurements in
a boreal forest area. In the present study an attempt has been made to retrieve bio-physical parameters
in a heterogeneous tropical forest area using interferometric tree height in IWCM that will show less
dependency on in-situ measurements.

1.3.

Research Objective

The prime focus of the present study is to estimate the aboveground biomass and forest stand
parameters of a tropical forest area with the help of SAR and InSAR parameters provided by ‘Envisat’
ASAR data. The estimation process includes modelling of the forest area with the help of two models
that are WCM and IWCM. A tropical setting of Dudhwa National Park, India is selected to evaluate
the strength of these two models in heterogeneous tropical forest which up to now have been only
successfully applied in homogeneous boreal forest.
1.3.1.

Main Objective

The main objective of the present study is to develop a semi-empirical model to retrieve forest
parameters for biomass inventory over a heterogeneous tropical forest area using SAR backscatter and
InSAR coherence.

1.3.2.

Sub Objectives

I. To investigate the potential of model-based approach for retrieval of aboveground biomass
and forest stand parameters.
II. To retrieve model parameters of Water Cloud and Interferometric Water Cloud Models with
‘Envisat’ ASAR data for tropical forest area.
III. To estimate stem volume using SAR backscatter and InSAR coherence in Water Cloud and
Interferometric Water Cloud Models.
IV. To estimate interferometric tree height from the phase of interferogram.
V. To retrieve modelled tree height with the help of Interferometric Water Cloud Model.
3

RETRIEVAL OF FOREST PARAMETERS FROM ENVISAT ASAR DATA FOR BIOMASS INVENTORY IN
DUDHWA NATIONAL PARK, U.P., INDIA

VI. To estimate aboveground biomass with the help of model parameters estimated by modelling
approach.

1.4.

Research Questions

For the fulfilment of the above stated objectives, present study aims at answering the following
questions:
I. Whether SAR backscatter and InSAR coherence and phase information are useful for forest
stem volume, aboveground biomass, and tree height estimation?
II. How can SAR backscatter and InSAR coherence be used to characterize forest density?
III. What is the accuracy obtained in the estimation of stem volume with the help of SAR and
InSAR parameters provided by ‘Envisat’ ASAR data in comparison with in-situ
measurements?
IV. How much accuracy will be achieved in aboveground biomass through modelling approach?
V. Is it possible to increase the accuracy in stem volume measurements by using InSAR
coherence?
VI. What will be the accuracy of interferometric tree height in comparison to the in-situ
measurements?
VII. What will be the effect of temporal variation of the electromagnetic signal in interferometric
tree height measurement?
VIII. What will be the accuracy of modelled tree height in comparison to the ground-measured tree
height?

1.5.

Structure of the Thesis

This thesis describes about the modelling approach using SAR backscatter, InSAR coherence and
phase to retrieve forest biophysical parameters. The main objective and research questions are
formulated in chapter 1. Chapter 2 is a review of the different techniques applied for aboveground
biomass and forest stand parameters estimation. Study area is described in detail in chapter 3. Chapter
4 contains a brief introduction to forest inventory and data collection, and detailed description of the
adopted methodology to generate backscatter images, interferograms, and coherence images. Water
Cloud Model and Interferometric Water Cloud Model are described with their theoretical background
and assumptions in chapter 5. Chapter 6 describes the method of model training to retrieve model
parameters of Water Cloud and Interferometric Water Cloud Models. Retrieval of stem volume,
aboveground biomass, and tree height is shown in chapter 6 with their plot-wise values, RMSE, and
coefficient of determination obtained from regression analysis between modelled and groundmeasured values. This chapter also includes the multi-temporal approach to estimate aboveground
biomass, stem volume and tree height. Chapter 7 presents the discussion on the obtained results,
although a part of discussion is already made in chapter 6. Chapter 9 consists of an overall conclusion
and future recommendations.
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2. Literature Review
Introduction
Brown (1997) defined forest biomass as the total amount of aboveground living organic matter in trees
expressed as oven-dry tons per unit area. It can also be defined as the mass of living plant material per
unit area. Total biomass contained by a forest area is divided into two parts, aboveground biomass and
below-ground biomass. Below-ground biomass contains a huge amount of total forest biomass stock
but it needs a rigorous and extensive field study which is expensive and time consuming.
Measurement of biomass is carried out mainly by the following four techniques (Biomass ECV report,
2007):
(a)
(b)
(c)
(d)

2.1.

harvest mapping technique or destructive sampling technique
non-destructive sampling technique
measurement based on remotely sensed data taken from airborne/spaceborne systems, and
estimation using models

Harvest or Destructive sampling technique:-

Harvest or destructive sampling approach includes the complete removal of vegetation of pre-defined
sample unit of the forest area (Husch et al. 2003). In this method trees are harvested and are separated
into components (foliage, branches, stems), depending on the requirement of survey. The clipped
vegetation is weighted for fresh weight. The clipped vegetation is oven-fill dried and the weight of
vegetation is recorded. The ratio between the fresh weight and dried weight is used to estimate the dry
weight of entire sample. This method is expanded to estimate the biomass per unit area using
appropriate biomass expansion factor;
An approach of tree sub-sampling to estimate the total tree woody biomass was suggested by
Valentine et al. (1984) that produces unbiased estimates of volume, fresh weight and dry weight of
trees. deGier, (1984) adapted this approach in biomass estimation of shrubs and trees of irregular form.
The approach comprises two steps of sampling: the first step is randomized branch sampling which
includes a decision about path continuation at every point of branching for biomass measurement of
branches and the second is importance sampling which is “a continuous analogue of sampling with
probability proportional to size”( deGier in Roy 2003), the sampling includes the steps; estimation of
tree woody volume, point location for disk removal, estimation of tree woody fresh weight and
estimation of tree woody dry weight. This sampling approach was found cost-effective and least time
consuming as compared to the conventional approach of biomass estimation.
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2.2.

Non-destructive sampling technique:

Destructive mapping approach for biomass estimation gives the most accurate result but it is not
possible to apply this technique for the whole forest at region level due to its destructive, expensive
and time-consuming nature in comparison to the other techniques of biomass estimation.
The most widely used technique for biomass estimation through in-situ measurements is the nondestructive sampling approach which does not require tree harvesting. Non-destructive sampling
approach includes the different regression equations with parameters like tree height, stem volume,
and basal area to estimate biomass.
The most common regression equations used for biomass estimation include (Husch et al. 2003);
Linear equation

2-1

Quadratic equation

2-2

exp

Exponential equation

2-3

exp

Allometric equation

2-4

Logarithmic equation

2-5

where, B, S and Ci (i = 0,1,2….) represent biomass, non-destructive plant measure and regression
coefficients respectively.
Chave et al. (2005) have tried to model the tropical forest area at global scale through different
allometric equations for different region, site and tropical forest type to estimate the plot wise
aboveground biomass and changes from available datasets. The prime focus of their work was to
provide allometric equations for the tropical forests of different environmental conditions to estimate
carbon stocks. Mainly two types of regression models have been used for aboveground biomass
estimation in this study. Model I, Biomass-diameter-height regression model which includes stem
3

diameter D (in cm), total tree height H (in m) and wood specific gravity ρ (in g/cm ) was tested for 20
sites and 1808 trees. Forest type, successional status and regional location were also included and it
was found that most important predictive variables were D, H, ρ and forest type. Model II, Biomassdiameter regression model which does not include the tree height due to two reasons behind it first is
that the total tree height is not always available in field inventory and the second states that the total
tree height can’t be measured accurately. Model II was tested for 27 sites and 2410 trees and the most
important predictive variables were D, ρ and forest type. These two models have been developed and
tested for dry forest stands, moist forest stand, moist mangrove forest stands and wet forest stands and
reliable accuracy in biomass estimation was obtained.
Non-destructive technique for biomass estimation is time-effective and less expensive in comparison
to the destructive sampling technique. In the case of large heterogeneous mixed tropical forest area, it
is not possible to take the sample of each plot which is inaccessible by field survey. To monitor the
areas of mixed heterogeneous tropical forest remote sensing provide most suitable tool and is much
time and cost-effective than the in-situ measurements.
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2.3.

Measurement based on remotely sensed data taken from airborne
systems and Satellites:

Remotely sensed data with its synoptic view, high spatio-temporal resolution and digital format allows
fast processing of large quantity of data as well as the availability of data for that particular area of
forest which is inaccessible by field survey now a-days play an important role as primary source of
biomass estimation. Mainly three types of remotely sensed data have been used by researchers to
extract information for biomass and stand parameters; (1) optical sensor data (2) SAR data (3) Lidar
data.

2.3.1.

Aboveground biomass (AGB) estimation from optical sensor data:

Optical remote sensing mainly responds to the leaf chemistry or structure to measure the vegetation
indices like normalized difference vegetation index (NDVI) and uses the technique of modelling based
on NDVI-biomass relations to estimate the aboveground biomass of the whole forest area (Dong et al.
2003). On the basis of spatial resolution Lu (2006) categorized the optical sensor data for AGB
estimation in three categories that are fine spatial-resolution data (spatial resolution less than 5m),
medium spatial-resolution data (spatial resolution ranges between 10m to 100m) and coarse spatialresolution data (spatial resolution is larger than 100m).
Tomppo et al. (2002) applied k-nearest neighbour estimation technique to analyze the relationship
between Landsat-TM data and plot wise field data. A non-linear regression model was used to
estimate volume and biomass from WiFS pixel. The result obtained for AGB and stand parameters
from these medium spatial-resolution data was poor. An approach with high spatial-resolution data
(Quickbird (0.61m) data) was made by Ozdemir, (2008) to estimate stem volume and on the basis of
obtained results it is concluded that this data may become an alternative for field-based estimation of
stem volume. Use of coarse spatial-resolution data has serious limitations because of its big pixel size,
which includes several types of tree species of mixed forest area within a pixel and huge difference
between pixel-size and the plot made for field measurements.
Lu (2006) has given a brief description of several research works completed with different approach
methods and models applied through optical sensor data of different spatio-resolution for AGB and
forest stand parameter estimation. Lu has further described the limitations of optical sensor data and
how a solution to these limitations was found in form of radar remote sensing.

2.3.2.

SAR remote sensing technique for AGB and forest stand parameters
extraction:

Most commonly used wavelengths of an electromagnetic spectrum for forest mapping and monitoring
belong to; spectrum of visible light, infrared spectrum and a wide range of radio wavelengths. The
visible and infrared ranges are the domain of optical remote sensing and this remote sensing technique
depends on the solar illumination. The major disadvantage of the optical remote sensing is the size of
wavelengths, which are too short to penetrate the cloud and atmospheric dust. Another limitation of
this technique is its dependence on solar illumination due to which optical sensors cannot operate
during the night. Selection of radar for remote sensing is beneficial due to its independency of solar
illumination which makes it capable for night vision. Microwave imaging capability of radar gives it
7
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power to penetrate the clouds, environmental moisture and atmospheric dust. The radar has an added
advantage to operate on different options and combination of polarizations that makes it suitable not
only to monitor the canopy but also the structural parameters of vegetation.
It has been observed that radar backscatter values show strong positive relationship with forest stand
parameters like biomass, height, and basal area (Hussin et al. 1991; Dobson et al. 1992). LeToan et al.
(1992) related the forest biomass to SAR data by using C-, L- and P-bands. The study was focused on
the relationship between the radar backscattering coefficient and the forest parameters, and on the
basis of results it was observed that P-band backscatter intensity has strong correlation to forest
biomass as compared to C- and L-bands. Different combinations of SAR data with variation in
polarization and incidence angles have their own characteristics and properties giving different results
with their own inherent strength and limitations.
A microwave scattering model to understand the scattering of layered vegetation has been developed
by Karam et al. (1992), which has a wider applicability than the two-layered model developed by
Ulaby et al. (1988). The prime focus of the study was to develop a complete and simple scattering
model to understand the mechanism of microwave scattering from vegetation canopies of deciduous
and coniferous forests. The model developed by Karam et al. (1992) has extra features (includes the
zero, the first, and the second order contribution to the bistatic scattering coefficients), which give it
potential to explain ground scattering, crown scattering, crown-ground interaction, trunk scattering,
and trunk-ground interaction of the vegetation canopies of coniferous as well as deciduous forest by
including Stokes parameters. The study concluded that the modelled results for both types of forest
have good agreement with in-situ measurements. Selection of appropriate models/equations to radar
backscatter makes it easy to estimate the forest stand parameters (Reich et al. 1993). Potential of radar
data for forest monitoring to estimate tree stand parameters and AGB has been proved by the previous
research works (Hagberg et al. 1995; Baker et al. 1999; Castel et al. 2002).
Unique information of forest stand parameters and AGB has been observed using proper models
according to the individual properties and nature of the available datasets (Kasischke et al. 1994).
Imhoff (1995) has given a theoretical description which explains the effect of forest structure on SAR
backscatter and the data used in the study was C-, P- and L- band quad polarization data .The model
used in this study was MIMICS (Michigan Microwave Canopy Scattering), developed by NASA
institute for Terahertz Technology at the University of Michigan and the effect of forest structure on
backscatter of used SAR data was noted.
Luckman et al. (1998) discriminated different levels of forest biomass up to a certain threshold and
found that SAR data with longer wavelength (L-band) is more suitable for AGB biomass estimation
than the other SAR data of short wavelengths. The major limitation with SAR data during forest
mapping is the saturation problem which depends on the size of wavelengths. It has been observed that
during forest stand parameters estimation through SAR backscatter, the saturation problem is more
prominent than the object properties. Long wavelength SAR data (L-band) has proved to be a solution
for saturation problem and the better results have been obtained in forest monitoring for AGB
estimation (Fransson et al. 1999; Kurvonen et al. 1999; Kuplich et al. 2000).

An alternative approach based on interferometric tree height from single frequency polarimetric
interfrometric data for forest aboveground biomass estimation was applied by Mette et al. (2002). Lee
et al. (2003) applied speckle filtering and coherence estimation technique was used for forestry
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application to measure tree height and ground topography. An algorithm was proposed based on
speckle filtering of polarimetric interferometric data to increase the accuracy in coherence estimation.
Mette et al. (2004) have estimated the biomass from L- band polarimetric interferometric SAR data
over a heterogeneous forest area. The prime focus of the study was to estimate accurate forest tree
height for biomass estimation from the provided SAR data by using model inversion technique on
Random-Volume over Ground-model (RVoG). The estimated forest tree heights (obtained from
inversion of RVoG) were then converted to forest biomass by using height-biomass allometric
relation.
However forest monitoring with C-band SAR data becomes difficult due to saturation problem and
limited backscatter intensity information where variation in forest stand parameters captured by SAR
antenna are in majority due to environmental conditions (like moisture) rather than the properties of
the targeted objects, but by including coherence (which is independent of such types of saturation
problem) and interferometric SAR (InSAR) height information about forest stand parameters has been
obtained (Wegmuller et al. 1997; Lin et al. 1998; Koskinen et al.2001). Coherence (compex
correlation coefficient) and phase of an interferogram were found good InSAR parameters that contain
information regarding to the vegetation canopies targeted by microwave remote sensing (Sarabandi et
al. 2000). To accurately measure the forest vertical structure (tree height) Brown et al. (2003)
developed a forward scattering model which describes the SAR and InSAR observables as vegetation
parameters. An inversion algorithm was used to estimate the forest tree height by the inversion of the
forward scattering model.
Jha et al. (2006) applied backscattering coefficients of C-band ‘Envisat’ ASAR space borne data of
VV, VH and HH polarization for biomass estimation of a tropical forest area with the help of existing
allometric equations for the trees with stem diameter greater than 3cm. A novel methodology to
retrieve forest parameters and AGB from backscattering coefficients of C-band multi-temporal
‘Envisat’ ASAR Wide Swath (WS) data has been presented by Wegmuller et al. (2007). Promising
quality of biomass was obtained (by using proposed methodology) in comparison with available
inventory data and the further recommendation for biomass retrieval with C-band SAR data suggested
the use of interferometric coherence or a polarization ratio. Chand et al. (2007) evaluated the forest
parameters by using backscatter values of ‘Envisat’ ASAR data and reasonable correlation between
backscatter values and forest parameters was obtained.
A three dimensional coherent scattering model using JERS-1 L-band data and ASAR C-band data has
been developed by Liu et al. (2008) to analyze the InSAR sensitivity to forest structure. Prime focus
of the present study was to develop a microwave scattering model including forest coherence for a
mixed species forest area. The study concluded that forest parameters like forest density and tree types
can be retrieved by developing inversion algorithm based on the developed model.

2.3.3.

Aboveground biomass (AGB) estimation from airborne Lidar data:

To quantify the terrestrial carbon cycle forest canopy height plays an important role to estimate
aboveground biomass (AGB) and carbon pools stored in canopy (Balzter et al. 2007). For biomass
estimation the structure of forest cover and its vertical and horizontal covers needs to be calculated
accurately. The spatial extent has been mapped with help of high resolution optical sensors (Lefsky et
al. 2005) whereas the internal structure can be analysed using different polarization of microwave
energy (Mette et al. 2002). Information related to tree height remained a challenge until the advent of
9
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lidar technology with which height can be measured more accurately than with other remote sensing
techniques (Lefsky et al. 1999 & 2001). However polarimetric SAR interferometry and dual
wavelength SAR interferometry have been successfully used to estimate forest canopy height, but lidar
data due to its unique characteristic of highly accurate measurement of canopy height now days play
an important role in forest mapping to retrieve forest canopy height and AGB (Means et al. 1999;
Harding et al. 2001). Meister et al. (2001) established a relationship between vertical structure of
discontinuous plant canopies and the laser waveforms returned from the canopies. The study was
focussed to explore the effect of canopy arrangements on the relationship between 3-D vertical
structure of canopy and returned laser waveforms by applying the geometric optical and radiative
transfer (GORT) model with the help of scanning lidar imager of canopies by echo recovery (SLICER)
data over a boreal forest area in central Canada. Parameters taken for GORT model in this study were;
(1) horizontal crown radius (R) in m, (2) vertical crown radius (b) in m, (3) crown count density (λ) in
-2

m , (4) lower bound of crown centers (h1) in m, (5) upper bound of crown centers (h2) in m, and (6)
-1
foliage area volume density (Fa) in m . On the basis of obtained results it was concluded that GORT
model has capability to characterize laser waveforms using the geometrical parameters of plant
canopies. The potential of lidar data for biophysical parameter estimation has been proved by previous
researches (Drake et al. 2002; Hudak et al. 2002; Lefsky et al. 2005).
To produce more accurate and precise result it has been found that SAR data are sensitive to AGB of
complex forest stand structure due to its multi-polarization and multi-incidence angle capacity and
lidar data have potential to accurately measure the forest tree height (Lucas et al. 2006). Zhao et al.
(2008) accurately predicted the aboveground forest biomass from air-borne lidar data by using
functional regression models. The objective of this study was to develop a scale-invariant approach for
biomass estimation using lidar data. The study concluded that the aboveground biomass can be
accurately estimated by applying individual tree approach, and recommended the use of non-linear
regression model for further studies. Studies show that lidar data have capability to estimate
aboveground as well as below-ground biomass with good accuracy by using different models for
different forest areas (Næsset et al. 2008).

2.4.

Measurements based on models to estimate aboveground biomass
(AGB) and forest stand parameters:

The above described methods (destructive, non-destructive and remote sensing for biomass
estimation) are not able to estimate AGB and forest stand parameters for the whole forest area without
help of models. Goel (1988) has reviewed 32 models of vegetation canopy reflectance and grouped
them into four main categories: geometrical models, turbid medium models, hybrid models, and
computer simulation models (Lu 2006). Four categories of models were identified by Trevett (1986)
for microwave interaction with vegetation, these models are:
(a) Empirically derived models, (b) Dielectric slab models, (c) Lossy scatter models, and (d)
Random media models.
Empirically derived models have no theoretical basis and are based only on empirical data (data
produced by experiments or observations). Empirical models do not explain a system but give a
relationship between variables derived from the available dataset. Potential of empirical models to
estimate AGB and forest parameters have been proved by previous researches (Lin et al. 1998;
Haripriya, 2000 & 2002; Zianis et al. 2005). Aboveground and component biomass (e.g,. branch,
trunk) of a mixed species subtropical forest of Queensland, Australia have been retrieved by Lucas et
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al. (2004) with Airborne C-, L-, and P- band SAR data. Model inversion technique was used to
retrieve the biomass and the study concluded that empirical models with selected SAR channels are
more reliable for biomass estimation in a mixed subtropical forest area.
Major problem with empirical models is that they cannot be applied for most forested areas; the reason
behind this problem is the locally collected datasets and the dependency of the form of empirical
models according to that datasets. Semi-empirical models are the models based on the theoretical basis
as well as experimental or observational data. The other three models described by Trevett (1986) can
be considered semi-empirical models because these models are based on the theoretical background of
Physics using the concept of dielectric constant, scattering of electromagnetic radiation, backscatter
values of canopy cover, coherence, wavelength etc. Semi-empirical models due to their characteristics
have been applied for more than one forest to estimate forest parameters (Fransson et al. 1999; Arslan
et al. 2000; Koskinen et al. 2001).
A semi-empirical model, Water Cloud Model (WCM) was developed by Attema et al. (1978) to
describe the response of the upper vegetation layer to radar microwave radiation and it was proposed
that the plant canopy can be modelled as water cloud by assuming plant canopy as cloud within which
water droplets are randomly distributed. The basic reason to model the plant canopy as water cloud
was that the dielectric constant of dry vegetation (1.5) is much smaller than that of pure water but
greater than the dielectric constant of air (1.0). Attema et al. (1978) described that the 99% volume of
vegetation canopy is usually composed by air but the moisture available in plant canopy shows much
larger dielectric constant than the dry canopy and air. For this reason canopy moisture is considered as
water droplet and canopy as cloud. Water Cloud Model considers the plant canopy as a homogeneous
medium of water droplets and due to this limitation the model has been further developed by Askne et
al. (1995) and the gaps in the canopy was also included for forest mapping (Santoro et al. 2002).
Water Cloud Model includes only the backscatter values as model parameters and these backscatter
values shows saturation effect with microwaves of short wavelengths (Askne et al. 1995; Santoro et al.
2001; Askne et al. 2003). Askne et al. (1995) introduced the Interferometric Water Cloud Model
(IWCM) by using the concept of coherence as well as backscatter values and radar geometry. This
model has been described in detail in (Askne et al. 1997; Askne et al. 1999; and Dammert et al. 1999).
Coherence based approach for tree height estimation has been discussed in Dammert et al. (1998).
Santoro et al. (2002) developed a method of multi-temporal approach to estimate stem volume by
using SAR backscatter and InSAR coherence in IWCM. It is suggested that for future studies the
retrieval of biomass should be done in the forest area for which field data have been accurately
measured. A regression based model analysis was performed by Askne et al. (2003) by using multitemporal ERS-1/2 data in IWCM. The study was focused to discuss the conditions for accurate
estimation of stem volume using multi-temporal InSAR data.
A common allometric equation has been applied by Mette et al. (2004) to convert forest height into
biomass using L-band polarimetric SAR data. The study was focused to utilize the remote sensing
method to extract tree height and its applicability to biomass estimation. The two reasons explained
behind this conversion were; (a) forest site dependency of dbh-biomass and tree density-biomass
allometry and (b) tree species independency of tree height-biomass and tree height-volume allometry.
Santoro et al (2005) measured the interferometric tree height with the help of phase information
extracted from interferogram using the inversion technique of semi-empirical IWCM and the obtained
result was at reasonable agreement with the field measurements. Askne et al. (2005) compared semiempirical interferometric water cloud model (IWCM) with interferometric HUT (IHUT) model

11

RETRIEVAL OF FOREST PARAMETERS FROM ENVISAT ASAR DATA FOR BIOMASS INVENTORY IN
DUDHWA NATIONAL PARK, U.P., INDIA

(Pulliainen et al.1994) for the stem volume retrieval using multi-temporal repeat pass SAR
interferometry and found that IWCM gives better result than IHUT.
Environmental conditions and factors also play an important role for AGB and forest parameters
estimation. A study to measure the influence of environmental factors on estimation of forest
parameter (here the study was focused on stem-volume) was done by Askne et al. (2007) using tandem
period ERS image pairs. On the basis of obtained result it was concluded and recommended that the
estimation of forest parameters should be done in optimal environmental conditions to obtain the
results with reliable accuracy.
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3. Study Area
3.1.

Introduction

The Dudhwa Tiger Reserve comprises of the Dudhwa National Park and the Kishanpur Wildlife
Sanctuary. This study was carried out in National Park only. The Park is located on the Indo-Nepal
border in the Nighasan Tehsil of district Lakhimpur-Kheri and lies between 28018’-28042’ N latitudes
and 80028’-80057’ E longitudes. The total area of the Park is 68032.90 ha. Reserved forest area of
12401.39 ha serves as its northern buffer and a forest area of 6602.32 ha serves as its southern buffer.
The areas, which constitute the Dudhwa National Park and its buffer, were once part of the North
Kheri Forest Division. The State Government declared its intent to create a National Park by a
notification in the original gazette in October 1975. Upon completion of settlement proceedings, the
Park was finally notified vide the Govt. of U.P., Forest Department Notification number 6991/14-31/74, dated 21.1.77.
The park has buffer of reserved forest areas on the northern and southern sides. The northern buffer of
124.01 km2 was created at the time of establishment of the Park. In 1994 an area of 66 km2 south of
the Suheli River was placed under the control of the Reserve to serve as southern buffer.
3-1: Zone-wise distribution of the area of Dudhwa National Park

Zone

Area (ha)

Core and Tourist Zone

49029.19

Buffer Zone

19003.71

Total

68032.90

Dudhwa National Park represents one of the few remaining examples of a highly diverse and
productive terai ecosystem, supporting a large number of endangered species, obligate species of tall
wet grasslands and species of restricted distribution.
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3.2.

Statement of significance

The terai with its characteristics complex of sal forests, tall grasslands and swamps maintained by
periodic flooding, is one of the most threatened ecosystems in India. Most of the terai has succumbed
to anthropogenic pressures with agriculture and homesteads replacing the rich natural vegetation of the
past. In this scenario, Dudhwa Tiger Reserve stands out as the primary protected area complex of the
terai with one of its components having the status of a National Park. The Dudhwa National Park is the
only National Park and Tiger Reserve representative of tarai-bhabar. Biogeographic subdivision of the
Upper Gangetic Plains (7a) Biogeographic Province (Management Plan, 2001-2010).
The vegetation of the area is North Indian Moist Deciduous type. It has some of the finest sal forests in
the country. The Dudhwa National Park is the only place in the country to hold a potentially viable
population of sub-species of the swamp deer (Cervus duvauceli duvauceli). Of the seven species of
deer found in the county, five occur in the Reserve. It is also home to a sizable tiger population. Some
critically endangered species such as Bengal florican (Hubaropsis bengalensis) and hipsid hare
(Caprolagus hispidus) find a home here. Dudhwa is also the place where the Great Indian One-Horned
Rhinoceros has been successfully reintroduced. Thirteen species of mammals, nine species of birds,
and eleven species of reptiles and amphibians found here are considered to be endangered and are
listed in Schedule 1 of the Wildlife (Protection) Act (Management Plan, 2001-2010).
The area of the Park also plays a vital role in the maintenance of the water and climate regimes which
in turn are vital for the agriculture and other allied activities. It also performs a host of other functions
which, though not fully understood, are nevertheless critical for the continued wellbeing and existence
of the humanity.

3.3.

Background information and attributes

3.3.1.

Terrain

In general the area of the Park is a vast alluvial plain scoured with the channels of numerous watercourses large and small. There are no prominent eminences, except irregularities on the surface being
formed by the riverbeds and their high banks. This has resulted in the formation of a series of fairly
elevated plateaus separated by streams flowing from northwest to southwest and each bordered by low
alluvial belts of varying widths. The general slope of the area is from northwest to southeast. The
altitude above m.s.l. ranges from 182 m in the extreme north to 150 m in the farthest southeast.
3.3.2.

Geology, rock and soil

The area of the park is alluvial plain, the doob of the Mohana and Suheli rivers. The under lying soil of
the area consists of the alluvial formations the Gangetic Plains, showing a succession of beds of sand
and loam. These vary in the thickness and depth according to the configuration of the ground. The
subsoil has, at depths of 12 to 21m, a layer of hard clay with narrow shingle beds.
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3.3.3.

Climate

There are three distinct seasons approximately as follows:
Winter
Summer
Rainy season
-

mid-October to mid-March
mid-March to mid-June
mid-June to mid-October

Monsoon: The rainy season generally begins in the middle of June and last up to September. The
ruling day and night temperatures during the months of July/August are 29°C and 22°C respectively.
This period accounts for about 90 percent of total annual rainfall is 150 cm.
Wind: The prevalent winds are westerly, gathering in strength with the onset of summer. Hot wind
(loo) blows very strongly from the middle of April up to end of May. These are then replaced by
easterly winds, which are prevalent during the rainy season. Northern winds also occur during the
month of June. Storms are rare.
Temperature: The temperature ranges between a minimum of 9.1°C (average) in winter to maximum
of up to 40°-45°C in peak summer. Recorded minimum and maximum temperatures are 2.80C and
450C.

3.3.4.

Water sources

The Park is bestowed with a number of perennial water sources. The Suheli and Mohana rivers and
Joraha, Nagrol, Nakua and Newra nalas are the major rivers and streams of the Park. In all, twenty
rivers and streams are associated with the Park. The Suheli and Mohana rivers flow along the southern
and northern boundaries of the Park. The Newra and Nagrol have their origins in Nepal. After flowing
separately for some distance the Nagrol merges with the Newra, which ultimately merges with Suheli.
The Joraha flows for considerable distance almost across the Park.
There are also a large number of perennial taals or lakes viz., Bankey, Kakraha, Chedia, Puraina,
Bhandara, Chapra, Amaha, Bhadi, Mutna, Churila, Ludaria, Khajua, Chaitua, Dhanghari, Bhadraula,
Teria etc. located in various parts of the Park. These contribute significantly in making the habitat of
the Park unique. Many areas have depressions that retain rainwater for some time after monsoon and
thus provide drinking water to wild animals.

3.4.

Biogeographic classification

As per the biogeographic classification of Rodgers and Panwar (1988), the area of the Park falls within
the tarai-bhabar Biogeographic Subdivision of the Upper Gangetic Plains (7a) Biogeographic
Province.
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Forest Types
According to Champion and Seth (1968), the forest types of Dudhwa National Park can be categorized
into following classes:
•
•
•
•

Northern Tropical Semi Evergreen Forest
Northern Indian Moist Deciduous Forest
Tropical Seasonal Swamp Forest
Northern Tropical Dry Deciduous Forest

The area of the Park is a mosaic of high forest interspersed with grasslands. This is characteristic of
the Terai ecosystems in India and the area is, probably, the last prominent remnant of this type of
ecosystem. The forests, especially the sal forests, have always been very dense. With stoppage of
felling operations, these have become denser with the canopy almost closed in majority of the areas.
Main Flora:
Sal (Shorea robusta), asna (Terminalia tomentosa), shisham (Dalbergia sisoo), jamun (Syzygium
cumini), gular (Ficus glomerata), sehore (Streblus asper), neora (Baringtonia acutangula), and
Putranjiva roxburghii, bahera (Terminalia bellerica)
Plantations:
Plantation of a variety of species was tried from time to time. With the introduction of the Five Year
Plans, there was an increase in the plantation activity. Plantations of several species viz., sisham, khair,
semal, tun, eucalyptus and teak were raised under various Schemes.
Grasslands:
The grasslands are the prominent features of the National Park. They comprise about 19 % of the Park.
These make unique habitat of the park. The grasslands are home to vast variety of animals. The
mosaic of grasslands and high forests are unique niches that are occupied by numerous life forms.
Whether wet or dry, the grasslands are home for a variety of herbivores including rhino and elephant.
Wetlands:
The wetlands constitute the third major habitat type. They include the rivers, streams, lakes and
marshes. While many of the major wetlands are perennial with some amount of surface moisture
retained round the year, some dry up during hot summer. The wetlands provide fairly diverse
conditions. As a result the appreciable variations in vegetation occur. They provide refuge, food and
water to a vast variety and number of migratory birds, mammals, fishes, amphibians and the reptiles.

3.5.

People and the protected area

The national Park does not have nay major habitation. There are some encroachments. There are Tharu
tribal villages enclaved in the northern buffer. To the north and northwest of the Park lie the Nepalese
districts of Kailali and Kanchanpur. The area, along the border on the Nepalese side, has been cleared
of forests and settled with people whose main occupation is agriculture.
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On the Indian side there are large numbers of villages. Agricultural fields extend almost up to the Park
where there is no buffer. The remaining border of the Park is buffered by forests of the southern
buffer. There are 101 Indian villages in the 5 km wide zone of influence. The number of Nepalese
villages is not known.
Removal of forest cover for the settlement of people and the conversion of land to agriculture in areas
along the border in Nepal has affected the Park in several ways:
 Biotic pressure has increased. The Nepalese drive their cattle into the Park and the buffer area
for grazing. They also try to meet their requirement of fodder, fuel wood, thatch grass and
timber from the here.
 Forested buffer has been eliminated.
 Enhanced silt load and siltation of rivers and streams due to the soil erosion
The inhabitations generally belong to the following major groups – those from eastern UP, those from
Pakistan including Punjabis and Bengalis, migrants from Punjab and the locals. According to one
study the population around the park registered a growth of 27% in the course of a decade from 1971
to 1981. Thus more pressure was brought to bear on the forest resources.
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4. Materials and Methods
This chapter is divided into two parts, the first part gives a brief introduction to the plot-wise groundmeasured data collected for different forest types in Dudhwa National Park, India and the second part
describes the detailed methodology adopted to generate backscatter images, interferogram and
coherence images from ‘Envisat’ ASAR Alternating Polarization Single-Look Complex (APS) data.
The values obtained from backscatter image are to be applied on Water Cloud Model and subsequently
on the Interferometric Water Cloud Model (IWCM) together with the values obtained from coherence
images to estimate the forest stand parameters for biomass estimation. The phase information will be
extracted from of the generated interferogram and this information will be used in IWCM to estimate
tree height. Details of the available dataset are given in a tabular form.

4-1: Details of the available data

Serial No.
Mission
Date
Orbit
Track
Frame
Product
Polarisation
Swath
Node

1
Envisat ASAR
25/10/2007
29546
3434
3033
ASAR_APS_1P
HH+HV
IS3
Desc

2
Envisat ASAR
29/11/2007
30047
3434
3033
ASAR_APS_1P
HH+HV
IS3
Desc

3
Envisat ASAR
03/01/2008
30548
3434
3033
ASAR_APS_1P
HH+HV
IS3
Desc

Characteristics of the ASAR APS
Product ID
Product Name
Nominal Resolution (m)
Coverage (km)
Wavelength (cm)

APS
Alternating Polarisation Single Look Complex Image
9 x 12
56-100 x 100
05.63

Alternating polarization mode of ASAR instrument provides C-band dual polarized data in one of the
three possible different channel combinations of polarization; (a) VV & HH, (b) HH & HV, and (c)
VV & VH.
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4.1.

Forest inventory data collection

Inventory data has been collected and the size of stratum was used in stratified random sampling to
determine the stratum-wise number of plots to be sampled in Dudhwa National Park. Field data for
6274 trees was collected in 50 different sites within the park to measure tree height, stem diameter,
basal area, stem volume and aboveground biomass. Of the 50 sites 48% (24 sites) were selected from
areas dominated by Sal forests while remaining 52% were spread to areas where other tree species
were mixed with Sal forest. Within each site 4 plots (total 197 plots) of size 0.1 ha was taken from
where the ground data was finally collected. The information of sites according to forest type is shown
in Table, 4-2.

4-2: Number of sites according to forest types.

Forest Type

Plot No Cluster

Sal (Shorea robusta), Forest

24

Mixed Forest

8

Teak

8

Shisham (Dalbergia sisoo) Forest

4

Eucalyptus

3

Jamun (Syzygium cumini) Forest

3

Following Landsat ETM+ image shows the map of Dudhwa National Park, prepared on the basis of
forest type, water sources, agriculture land, wetland, and grassland.
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Sal forest
Sal mixed
Mixed forest
Jamun forest
Teak plantation
Eucalyptus plantation
Sisham plantation
Grassland
Forest blank
Lantana
River
Wetland
Agriculture

4-1: Different forest types and tree plantation areas in Dudhwa National Park (Source, Pandey,
Unpublished)

In all the 197 plots stem diameter, circumference at breast height (cbh), and tree height were
measured. Using the stand volume equations developed by Forest Survey of India (FSI), 1996 stand
volume was measured. Empirical models developed by FSI, 1996 on the basis of destructive sampling
technique relate the tree height and stem diameter to stand volume. The details of empirical models for
each type of tree species developed by FSI, 1996 is given in Appendix, A.
Using the measured stem diameter basal area of each tree was calculated using the following formula;

2
4-1

Figure, 4-2 illustrate the location of cluster samples of 50 sites and 197 plots for which the field data
for tree height, stem diameter, basal area, stem volume, and aboveground biomass were measured.
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4-2: The Envisat ASAR FCC showing cluster samples.

Aboveground woody biomass was measured by the following equation;

4-2

Tree species wise specific gravity was measured by Forest Research Institute, India, using destructive
sampling technique. Specific gravity of tree species for aboveground woody biomass estimation is
shown in Appendix, A.
Empirical models for stem volume estimation developed by FSI (1996), only consider those trees
which have stem diameter greater than 10cm.
To estimate stem volume for the trees which have stem diameter less than 10cm, following process
was adopted;
a) Linear regression was developed between the basal area and stem volume for the trees above
than 10cm diameter.
b) Regression equation obtained in the above step was used to estimate the stem volume of the
trees less than 10cm diameter.
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With the help of above described processes stem volume of whole plot including the trees with stem
diameter above and below 10cm were measured. This process was applied on all the 197 plots to
measure stem volume.
To estimate the aboveground woody biomass of the trees with stem diameter less than 10cm,
following steps were carried out;
a) A linear regression was developed between basal area and aboveground woody biomass for
the trees with stem diameter greater than 10cm.
b) The equation obtained from linear regression was used to estimate aboveground woody
biomass of all the trees which have stem diameter below 10cm.
The total aboveground woody biomass (plot-wise) was measured for all the trees including below
10cm diameter.
Aboveground woody biomass was converted in to aboveground biomass using the biomass expansion
factor developed by Chhabra et al. (2002). The two equations to calculate the biomass expansion
factor given by Chhabra et al. (2002) are;
1.91

0.34

,

200

/
4-3

1,

200

/
4-4

where, BEF and GSVD represent biomass expansion factor and growing stock volume density
respectively.
To measure aboveground biomass the expansion factor was multiplied by the aboveground woody
biomass, as follows;

4-5

The ground-measured aboveground biomass was compared to the aboveground biomass estimated
from the model developed by Chave et al. (2005), and a high coefficient of determination (0.94) was
obtained by linear regression analysis.
The model developed by Chave et al. (2005), to estimate aboveground biomass in Indian scenario for
forest types of Dudhwa National Park is given in equation (4-6)

0.667

1.784

0.207

0.0281
4-6

where,

= estimated aboveground biomass
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= specific gravity of tree species
D = stem diameter

Chave-aboveground biomass (tons/ha)

700
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300
200
y = 0.930x + 22.80
R² = 0.939

100
0
0

100

200
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700

FSI-aboveground biomass (tons/ha)

4-3: Relationship between ground-measured aboveground biomass and estimated above-ground biomass
from empirical model developed by Chave et al. (2005)

Aboveground biomass estimated from empirical model (4-6) showed 97% correlation with the
aboveground biomass measured from FSI-equations (Appendix A), and the standard error of estimates
was 31.11 tons/ha.
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4.2.

Approach

Flow diagram of methodology to generate backscatter images, interferograms and coherence images
is shown in the following figure;
ASAR APS data pair

ASAR APS Data
Baseline
Estimation

Slant to ground range

Synthetic Phase Generation

Amplitude Image Generation

Interferogram Generation
Synthetic
Phase

Ellipsoid

Amplitude to Power conversion

Interferogram Flattening

Speckle Suppression

Retrieval of
Coherence
Information

Linear backscatter Image Generation

Adaptive Filtering and
Coherence Generation
Phase Unwrapping

Linear to decibel conversion

Retrieval of Phase Information

Retrieval of Backscatter Information
In‐situ data

Water Cloud Model
(WCM)

Interferometric Water
Cloud Model (IWCM)

Model Inversion
Technique

Model Parameter
Estimation

Modeled Tree
height

Model Inversion
Technique

Retrieval of forest parameters
(stem volume, biomass, and tree height)
4-4: Flow Diagram of methodology
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The whole methodology is divided into three parts; backscatter image generation, coherence and phase
estimation, and model training to estimate the model parameters. The model parameters are not known
and they will be estimated from backscatter measurements, coherence measurements, and the stem
volume and tree height in-situ data. The details of first two parts is discussed here but third will be
discussed in detail in chapter “Model training and Results”.

4.3.

Backscatter Image Generation from Envisat ASAR APS image

Backscatter image generation from satellite image follows the following steps;
1) slant to ground range conversion
2) generation of amplitude image from ASAR APS data
3) data conversion from Amplitude image to Power Image
4) speckle filtering
5) linear backscatter image generation from Power image, and
6) linear to decibel conversion
4.3.1.

Slant- to ground- range conversion

Signal transmitted by the radar antenna is received back by the antenna after backscattering from an
object on ground. The time taken in the two processes gives the distance of the object from the radar
antenna. If the antenna transmits a signal and receives two separate responses returned by the two
different objects on the ground, the time difference between first and second response is used two
determine the object spacing on ground. On the basis of above described method a sensor measures the
distance between two objects and the distances of objects from the satellite along the direction in
which sensor is looking, the slant range. Due to the slant-range distortion objects in the near-range
appear compressed relative to far-range. This results in the variation of captured image scale from
near- to far- range. The effect of slant-range distortion is removed by the conversion of slant-range
image into the ground-range, where ground range is the horizontal distance along the ground for each
corresponding point measured in slant-range distance.
The slant- to ground- range conversion is done with the help of trigonometry to calculate ground-range
for known slant range distance. Slant- to ground- range conversion includes the re-projection of single
look complex (SLC) data from slant-range onto a flat ellipsoid surface. The process redistributes the
SLC data in range with equal pixel spacing.
4.3.2.

Generation of amplitude images from ASAR APS data

‘Envisat’ ASAR alternating polarization (ASAR APS) images contain two pair of channels each of
them contains one real and one imaginary channels. Generally first channel of each pair is taken as “I”
(representing In-phase or the cosine or real component), and the second as the “Q” (representing
Quadrature , sine or imaginary component) To obtain amplitude image these two channels are
combined to obtain the composite signal intensity and the pixels of the resultant image show amplitude
values.
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The processing to obtain amplitude image from complex SAR data includes the square of sum of the
squares of the real and imaginary values of the complex pixel values for each pair of channels of the
two pairs of ASAR _APS image. Pixel values of the amplitude image contain a positive range of real
values.
Following algorithm is used to obtain amplitude image from complex SAR data;

4-7

4.3.3.

Data conversion from Amplitude image to Power Image

An actual viewable image which represents the total power received by the SAR antenna is power
image and its pixel values are linearly proportional to the power backscattered by the scenes which are
imaged by the antenna. The power image of a complex SAR image is defined as the sum of the
squares of the real and imaginary values of the complex pixel values.
Amplitude to power conversion includes the square of the input power image pixel values and the
following algorithm is used for this conversion.
4-8

POW = Power image pixel value
AMP = Amplitude image pixel value
The resultant image is the floating-point image representing the power of an amplitude image and its
pixel values have a positive range of real values. During conversion if a pixel of power image shows
negative value, the pixel value is excluded and is assigned by zero.
4.3.4.

Speckle filtering

A SAR resolution cell generally contains a large number of scatterers and in comparison to the
wavelength this resolution cell appears very large. The returned echo from scatterers is coherently
summed to obtain the phase and brightness of the resolution cell. Sometimes due to a very strong
reflector at a particular alignment or due to the coherent sum of all the various responses (due to large
number of scatterres), the resolution cell shows a brightness value which is much higher than the
actual brightness caused by the object. This unexpected bright value of resolution cell appears as
speckle on SAR image.
The high frequency speckles appeared in a SAR image is suppressed by low-pass filters. Gamma filter
(provided by BESTv4.2.1-a) is such a special low-pass filter which smoothes the data without
removing sharp features available in the image. Gamma filter uses the statistical properties of the
underlying image and preserves the pixel values. Too small kernel size of the filter is not effective for
noise suppression and too big size will lose the subtle information so a square kernel size 7X7 of
Gamma filter is used on the image. The edge threshold, scatter threshold are given by default and the
number of looks are automatically selected from the header file.

27

RETRIEVAL OF FOREST PARAMETERS FROM ENVISAT ASAR DATA FOR BIOMASS INVENTORY IN
DUDHWA NATIONAL PARK, U.P., INDIA

The following algorithm is applied on the image (PCI Geomatica 10.0, help guide);
“R = Im
for Ci<=Cu
R = Rf for Cu<Ci<Cmax
R = Ic for Ci>=Cmax ”
where,
R = output gray-level value
Rf = (B*Im + SQRT (D))/ (2*A)
Ci = S/Im
Cu = SQRT (1/Number of Looks)
Cmax = SQRT (2)*Cu
Im = mean value of the intensity within the kernel
S = standard deviation of intensity within the kernel
Ic = center pixel in the kernel
A = (1+Cu^2)/(Ci^2-Cu^2)
B = A – Number of Looks -1
D = Im*Im*B*B + 4*A* Number of looks*Im*Ic
According to the algorithm the output pixel will be assigned by the mean value (Im) of the intensity
within kernel if the ratio of standard deviation (S) to the mean value (Im) of the intensity within the
kernel is either less than or equal to Cu which represents the square root of inverse of the number of
looks. The output pixel value will be Rf if the standard deviation to the mean ratio is greater than Cu
but less than sqrt2 times of Cu and the output pixel will be assigned by the center pixel if the standard
deviation to the mean ratio is greater than or equal to sqrt2 times of Cu.
4.3.5.

Linear backscatter image generation from Power image

The amount of the outgoing radar signal that returns back and received by radar antenna after
scattering from the targeted object is known as radar backscatter and the process is backscattering.
Backscattering cross-section or radar cross-section which is measure of reflective strength of targeted
object represents the scattering cross-section in the direction toward the radar and is denoted by the
symbol σ (sigma). The parameter that describes the reflectivity of the surface areas is the “differential
radar cross-section (RCS) or backscatter cross section” σ0 (sigma nought) (Sanden, 1997). Backscatter
cross-section is a dimensionless quantity and it represents the normalized measure of the
electromagnetic signal returned back towards the radar antenna from distribute object.
The conversion of power image into a linear backscatter image uses the following algorithm (Rosich et
al. 2004);

,

=

,

,

,

,

for i=1,2,.............L and j = 1,2,....................M
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where,
DN , =
= pixel intensity of power image at ith image line and jth column
K = absolute calibration constant
= sigma nought at image line and column “i,j”

,

=4

,

= two-way antenna gain at the distributed target look angle corresponding
to pixel “i,j” ( Hardange et al.2001)

= wavelength of the microwave
= 3.14 or

,
,

,

= surface area of the radar antenna
= illumination efficiency
= look angle corresponding to pixel “i,j”
= slant range distance to pixel of ith line and jth column
= reference slant range distance (800 km for all beams and modes)
= incidence angle at the pixel of ith row (line) and jth column

The resultant image gives the backscatter image at linear scale and pixel values represent the
backscattering coefficients.

4.3.6.

Linear to Decibel conversion

Backscatter cross-section (sigma nought) which is represented by the ratio of power levels per unit
area is usually expressed on a logarithmic scale i.e. decibel (dB) scale (Sullivan, Sanden, 1997). The
conversion of backscatter cross-section from linear to decibel scale uses the following algorithm;
,

4-10

,

The lighter pixels of backscatter image as shown in Figure, 4-2 are showing high backscatter values
representing the forest vegetation while the darker are showing low backscatter values representing the
grass-land and water surfaces. Pixels with high backscatter values results after scattering from the
vegetation surface which works like a rough surface as compared to the size of wavelength (5.63 cm)
of C-band. The upper surface of water bodies and grass-lands are smoother than the upper vegetation
canopy. Due to high reflection and small amount of scattering from smooth surfaces only a small
portion of transmitted signal returns back to the radar antenna and appears as a dark pixel in image.
The upper surface of vegetation which behaves like a rough surface returns back a high amount of
signal to radar antenna after surface scattering and volume scattering, and appears as lighter pixels
with high values.
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4-5: Dudhwa National Park: Backscatter (dB) image of (HH Polarized) ASAR APS data at 25/oct/2007.

4.4.

Coherence Image generation

A coherence image which gives complex correlation coefficient between two SAR images includes the
following steps to generate;
1) baseline estimation
2) synthetic phase generation
3) interferogram generation
4) interferogram flattening
5) adaptive filtering and Coherence generation
6) phase unwrapping

4.4.1.

Baseline estimation

Before applying the procedure for baseline estimation ASAR SLC images have been processed with
multilook processing to generate square pixels and improve the radiometric accuracy. The number of
looks is determined by the statistics of the images. Appropriate factors as the number of looks in
azimuth and range directions are selected to generate a multilook image.
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Baseline estimation gives the information about the baseline values and orbital shift, by using relevant
master and slave data.
Following information is obtained after baseline estimation process;
a) Normal baseline between master and slave orbits.
b) Critical baseline which is the maximum theoretical baseline and will be applied for
interferometric purposes.
c) 2π Ambiguity height, which is the height difference corresponding to an interferometric phase
and is calculated by the following formula;
2

4-11

where,
= wavelength of the microwave emitted from the SAR antenna
R = slant-range distance
θ = SAR incidence angle
Bn= normal baseline
a) Range shift, values in pixels which appear due to the orbital shift and it will be applied during
master-slave co-registration in the range direction.
b) Azimuth shift in the azimuth direction has values in pixels and during master-slave coregistration it will be applied in azimuth direction.
c) Doppler centroid difference, which is the difference between master and slave image Doppler
centroids.
Following table gives the information of the ASAR data pairs obtained from the baseline estimation;
4-3: InSAR system information obtained after baseline estimation process.

Image Pairs

25/10/200729/11/2007

25/10/200703/01/2008

29/11/200703/01/2008

Normal Baseline(m)

301.590

158.922

458.396

Critical Baseline(m)

1250.970

1250.970

1251.261

2π Ambiguity
height(m)

35.142

66.690

23.125

Range Shift (pixels)

4.239

1.523

1.454

Azimuth Shift(pixels)

1.135

1.363

1.823

Doppler Centroid
difference(pixels)

-5.781

-2.486

3.296
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4.4.2.

Synthetic phase generation

Phase expected for a flat earth or known topography is extracted in the process of synthetic phase
generation. The process provides an unwrapped phase and better results for interferogram generation
especially in case of SAR pairs with large baseline by applying a special filter for the spectral shift.
This is an optional process because same type of work will be done in Interferogram flattening. Phase
value is estimated from the following formula;
4-12

where,

= phase computed for each target P.
rM,rS = rM and rS are the master and slave satellite distances of the object P.
4.4.3.

Interferogram generation

The interferogram (I) is generated by the pixel-to-pixel computation of the Hermitian product of the
two (master and slave) co-registered images which are already spectral-shift-filtered.
4-13

where, CM and CS are master and slave images respectively and C*S represents the complex conjugate
of the slave. Phase of the interferogram is the phase difference between phase of the master and that of
the slave image. In interferogram the interferometric phase φ is expressed as;

tan

4-14

where, imag(I) and real(I) are the imaginary and real components respectively of the calculated
interferogram.
The following image shows an interferogram for the pairs of 25/oct/2007 and 03/01/2008 images.
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4-6: Interferogram generated from master (25/oct/2007) and slave (03/jan/2008) images.

4.4.4.

Interferogram flattening

Interferogram flattening is the process in which the fringe and phase effects due to the shape of the
earth ellipsoid have been removed. A flattened interferogram contains only the fringes contributed by
topographic terrain. Flattening involves the removal of the low frequency phase difference from the
interferogram and it also removes the systematic phase difference arises due to the difference in the
position of two antennas.
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4-7: Flattened interferogram generated from master (25/oct/2007) and slave (03/jan/2008) images.

4.4.5.

Adaptive filtering and Coherence generation

A special filter for spectral shift is applied on the input SLC images to provide better results even in
the case of SAR pairs with large baseline. Filtering of flattened interferogram smoothes the
interferometric phase and therefore reduce noise .Spectral shift filter used in the processing of
interferogram provides capacity to generate a better quality interferogram. The output image of this
processing step represents the phase difference at each pixel position of the signal received by the
antenna.
Phase noise of an interferogram can be estimated from the complex correlation coefficient of the SAR
image pairs (Ferretti et al. 2007). The complex correlation coefficient of SAR images is known as
coherence and it can be used as a measure for the accuracy of the interferometric phase (Hanssen
2002). Coherence for two co-registered SAR images is computed as follows;
∑

.

∑

.∑

4-15

where, N = number of pixels in the estimation window
The above equation is valid only when the ground is flat and it doesn’t induce phase. Flat ground
which doesn’t induce phase is rarely available, so to estimate coherence it becomes necessary to
involve the phase information in the above Maximum Likelihood (ML) estimation.
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Phase corrected coherence using ML estimation is (Hagberg et al. 1995; Santoro et al. 2001);

|

|

∑

.

4-16
∑

.∑

= phase factor to compensate for the local imaging geometry,
j= imaginary quantity
Equation (10) gives magnitude of coherence over an estimation window of N pixels after the phase
shift φ. A coherence image generated from two pairs of ASAR data (25/oct/2007 and 03/01/2008
images) is shown in fig 4-4.
The bright patches in coherence image (fig 4-4) are areas of high coherence between the two images
while the dark patches indicate areas where the coherence between the two images is comparatively
low.
The pixel value of a coherence image lies between 0 and 1. The 1 pixel value of coherence image
shows the total correlation and if its value lies near to zero then it shows total decorrelation. From the
above figure it is clear that for more stable features the obtained correlation values are high and they
appear brighter in the image. Changes in the vegetation canopy affect the correlation and due to this
reason high decorrelation and low correlation values are obtained in the dense forest area. It is found
that forest area generally shows a low correlation but in the deciduous forest area high correlation is
observed during winter season when the trees appeared without leaves (Ferretti et al. 2007). Stem and
branches of trees are the stable features which causes the high coherence values. There are several
reasons due to which decorrelation arise and can be categorised as (Hanssen, 2001);
a)
b)
c)
d)
e)
f)

Baseline or geometry decorrelation (γgeometry)
Doppler centroid decorrelation (γDC)
Volume decorrelation (γvolume)
Thermal decorrelation or system noise (γthermal)
Temporal terrain decorrelation (γtemporal)
Processing induced decorrelation (γprocessing)

Total coherence is represented by the multiplicative output of the above listed coherence
4-17

All types of decorrelation can be minimised using proper methodology except temporal decorrelation
(γtemporal) and volume decorrelation (γcolume).
Temporal decorrelation appears due to the changes in the surface structure or characteristic of the
object with time which introduces additional phase change between the two signals of radar wave
during repeat pass SAR interferometry (Franceschetti et al. 2000). Volume decorrelation (γvolume)
occurs due to the penetration capability of the radar wave.
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Temporal decorrealtion and volume decorrelation both are non-negligible for forest area. Total
coherence of a forest area is represented as;
4-18

4-8: Coherence image generated from master (25/oct/2007) and slave (03/jan/2008) images.

4.4.6.

Phase Unwrapping

Adding the correct multiple of 2π to the interferometric phase for each pixel is phase unwrapping. It
refers to the conversion from measured phase to the absolute phase.
The noise in the phase estimates is a function of coherence values and is expressed as (Hagberg et al.
1995);
| |

4-19

| |

where,
Lind = independent or varying number of looks
σφ = noise in phase
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From the above equation it is clear that phase noise decreases as the number of independent looks and
coherence value increases. Equation (13) shows that for low coherence area like forest and water
surfaces, number of independent looks should be greater.
Phase estimates contained by interferogram are wrapped in 0-2π interval. Due to 2π ambiguity, the
absolute position of the probability density function of absolute phase remains unknown. To remove
the 2π ambiguity the absolute phase is estimated as;

2

4-20

n = an integer representing number of cycles to unwrap the phase of single pixel.
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5. Modelling theory of Water Cloud
Model and Interferometric Water
Cloud Model
5.1.

Water Cloud Model

The basic concept of Water Cloud Model developed by Attema and Ulaby (1978), describes the
relationship between forest backscatter and forest parameters. Water Cloud Model (WCM) assumes
that vegetation behaves like a homogeneous medium filled with water droplets over a horizontal plane
surface that is represented by ground. The scattering elements in this homogeneous medium are
considered as water droplets, uniformly spread within a volume representing the vegetation slab. The
incoming energy incident upon the upper surface of the medium is partly reflected back to the radar
sensor and partly transmitted to the lower layer. The part of energy transmitted to the lower layer is
attenuated by the vegetation slab. According to this model all scatters have the same properties thus
total attenuation cross-section and total radar cross-section will be same for all the scatters. In this
condition the total backscattering energy is represented by the incoherent sum of energies scattered at
each layer. The main properties of Water Cloud Model as given by Leeuwen (19991) and Santoro et
al. (2002) are:
a) It does not include the multiple reflections. The higher order scattering mechanism such as
double bounce between vegetation and ground are not included.
b) It considers only the single scattering from ground and vegetation slab.
c) It treats vegetation as a homogeneous medium and the gaps between trees are not included.
d) The homogeneous medium or the cloud of water droplets represented by vegetation consists of
identical particles.
The Water Cloud Model in simple terms is written as (Leeuwen, 1991):
5-1

where,

= observed value of forest backscatter.
= backscatter of vegetation.
= backscatter of ground.
= two way tree transmissivity

Same type of semi-empirical model was used by Arslan et al. (2000) for vegetation canopy modelling
by radar backscatter.
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5-1: Two layer forest backscatter model (Saatchi et al. 1997).

A model similar to Water Cloud Model which includes the gaps of canopy is given as (Askne et al.
1995):
1

1

5-2

where, η = area-fill factor.
In order to consider the gaps in the canopy and the fraction of ground covered by tree crowns, each
term of equation (5-2) is weighted by area-fill factor η.
The forest backscatter, σforo, is expressed as sum of:
(1) Direct scattering made by the ground through the gaps in the canopy:
The direct backscatter of ground is represented by the backscattering co-efficient σgro. The first
term (1−η)σgro of equation (5-2) represents the scattering from the ground through the gaps in
the canopy. The term (1−η) represents the fraction of ground not covered by the tree crown
and it shows the contribution in backscattering through the canopy gaps. The presence of first
term shows that forest is not a continuous layer.
(2) Direct scattering from the ground attenuated by the canopy:
The second term ησgroTtree represents the ground backscatter attenuated by the canopy. The
product ηTtree represents the attenuating vegetation layer, where η represents the fraction of
ground covered by the tree crown and Ttree is the two way transmissivity through the gaps in
canopy.
(3) Direct scattering from the vegetation layer without attenuation :
The third term ησvego(1−Ttree) in (2) represents the direct backscattering from the vegetation
layer, where direct backscatter of vegetation without attenuation is represented by the
vegetation backscattering coefficient σvego and is weighted by the term area fill factor η.
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Presence of the term η(1−Ttree) represents total backscattering of vegetation without
attenuation.
The term two-way transmissivity Ttree expresses as to how much incident electromagnetic waves will
be attenuated after passing through the canopy gaps. Ttree can be represented as the exponential of the
product of two way attenuation per meter and the thickness of the attenuating layer (Arslan et al.
2000).
i.e.

5-3

where, α represents the two way attenuation per meter through the tree and h is the thickness of the
attenuating layer. The thickness of attenuating layer is assumed to be same as the tree height.
Thus equation (5-2) can be expressed as:

1

1

5-4

In order to highlight the scattering from ground and vegetation the equation can further be rearranged
as:

1

1

5-5

If the two way forest transmissivity is represented by Tfor , then it can be expressed in terms of area-fill
factor , as expressed below (Santoro et al. 2002):

1

5-6

In the case of C-band multiple reflections and double-bounces between vegetation and ground are not
included because of the strong attenuation in the incident electromagnetic waves in the first few
meters of the canopy. Thus in this case the term two way transmissivity through the canopy gaps, Ttree
can be neglected and Tfor can be expressed as a simple function of area fill factor η.
Thus equation (5-6) can also be reframed as:

1

1

5-7

The term η(1− e-αh ) can be arranged in the terms of Tfor as:

1

1

5-8

On basis of equations, (5-7) and (5-8), equation (5-5) can be written as:

1

5-9

By using HUTSCAT measurements the two-way forest transmissivity can be expressed as the
exponential of the product of stem volume and an empirically defined co-efficient (Pulliainen et al.
1994). Hence Tfor can be written as:
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5-10

Thus equation (5-9) can be arranged as:

1

5-11

By using equations, (5-6) and (5-10) it can be written that:

1

5-12

Above equation represents the relation between stem volume and tree height.

5.2.

Interferometric Water Cloud Model

Backscattering signals of forest at C-band show the saturation condition even at low stem volumes
(about 50-100 m3/ha, Santoro et al. 2002; & Santoro et al. 2005) and the variations in the stem volume
shows much dependency on factors, arising due to environmental aspects (like moisture) than the
actual stem volume. According to Askne et al. (1997), coherence does not suffer with the above stated
problem. It is found that coherence increases as the stem volume decreases and as the stem volume
increases coherence decreases. Therefore, coherence can be considered more suitable for stem volume
retrieval. A simple model which expresses the total forest coherence as the sum of vegetation and
ground coherence was first introduced by Askne et al. (1995). The model was named Interferometric
Water Cloud Model and is described in detail in (Askne et al. 2003; & Santoro et al. 2005). In terms of
coherence, Interferometric Water Cloud Model can be written as:

1

4

sin
5-13

The terms η, σforo, σgro , σvego, α, Ttree and h have been discussed in Water Cloud Model.
In the above equation γfor, γveg, and γgr represent the total temporal coherence of forest, temporal
coherence of vegetation and temporal coherence of ground respectively. R, Bn, λ and θ are slant range
of the radar system, normal component of baseline, wavelength of the electromagnetic wave at C-band
and local incidence angle respectively.
The InSAR geometry included by complex exponential term can be represented by symbol ω and it
can be expressed as:
5-14

Equation (5-13) can be written as:

1
5-15
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The total temporal forest coherence γfor shown in equation (5-15) is expressed as the sum of:
(1) Coherence of the electromagnetic wave scattered from ground and observed through the
canopy gaps:
The first term (1-η)γgr (σ0gr / σ0for ) of equation (5-15) represents the coherence of ground
observed through the canopy gaps or through the fraction of ground not covered by the tree
crowns. The total coherence of ground is related to the temporal coherence of ground γgr
which is weighted by area-fill factor (1-η) and to the ratio of the ground backscatter to the total
forest backscatter.
(2) Coherence of the electromagnetic wave scattered from ground and attenuated by tree canopy:
The second term η γgr (σ0gr / σ0for )Ttree of equation (5-15) represents the coherence of ground
that is observed by the attenuation of electromagnetic wave by the attenuating vegetation layer
of thickness h. The ground coherence term is related to the temporal coherence of ground γgr
which is weighted by area-fill factor η and to the ground backscatter.
(3) Coherence of signal scattered from the vegetation:
The total coherence of vegetation as expressed in equation (5-15) is ηγveg (σ0veg / σ0for ) { α/ (α –
jω)}{ exp(-jω ) – Ttree} and it includes three factors
(a) Temporal effect
(b) Volume effect, and
(c) InSAR geometry
The temporal effect in the total coherence of vegetation is represented by the temporal coherence γveg
of vegetation which is weighted by the area-fill factor η and backscatter of ground. The Complex
quantity { α/ (α – jω } represents the volume effect arises due to the attenuation in transmitted signal
through attenuating vegetation layer of thickness h and the complex exponential term represents the
InSAR geometry.
In order to highlight the coherence from ground and vegetation to get a better idea of Interferometric
Water Cloud Model equation (5-15) can be written as:
5-16

where, Γgr and Γveg represent the coherence contribution made by ground and vegetation respectively
and these coherence components can be written as :

1

5-17

5-18

As described in Water Cloud Model the two-way transmissivity Ttree can be expressed in terms of
attenuation and thickness of attenuating vegetation layer and using this expression, equation (5-18)
takes the following form
5-19
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An electromagnetic wave can be described in the complex form of A*exp(jφ), where A is the
amplitude and φ is the phase of that wave. Based on this pattern the volume decorrelation component
{α/ (α – jω }, arises due to attenuation in electromagnetic wave can also be written in the form of
A*exp(jφ) .
Now amplitude A and phase φ of A*exp(jφ) can be expressed as:
5-20
5-21

Now volume decorrelation component {α / (α – jω)} can be written as:

exp

exp

tan

5-22

On basis of equation (5-22), the vegetation coherence component equation (5-18) takes the following
form:
5-23

Using Taylor series expansion of tan

ω
and neglecting the two way transmissivity term due to
α

strong attenuation by attenuating vegetation layer at high frequency and low wavelength, the
equations, (5-17) and (5-23) are rearranged as:

1

5-24

5-25

From equations, (5-12) η can be expressed as:

η = (1-e−βV)/( 1−e-αh)
For too strong value of α; (1-e

−βV

)/ (1−e-αh) ≈ (1-e−βV).

Now total coherence of forest can be expressed by using equations, (5-16), (5-24), and (5-25) as:

1

5-26

Equation (31) shows that as the stem volume increases, the coherence contribution from the ground
decreases and that of vegetation increases.
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5.3.

Relation between interferometric tree height and coherence information
of Interferometric Water Cloud Model

The Interferometric Water Cloud Model can be graphically represented as shown in Figure, 5-2
(Dammert et al. 1998; Santoro et al. 2005). Equation (5-16) shows that the total coherence of forest is
sum of coherence contribution made by vegetation (Γveg) and ground (Γgr).

Complex coherence of Forest,

Vegetation contributed coherence, Γveg

Ground contributed coherence, Γgr
5-2: Vector representation of total forest complex coherence as the sum of coherence contribution made by ground
surface and vegetation

φveg, represents the phase of forest vegetation and it will be estimated from known value of forest
phase φfor using basic trigonometry on the graphical representation, 5-2. Contribution in coherence
made by ground (Γgr) is a real component as described in equation (5-17) and is represented in
horizontal direction in Figure, 5-2. Ground coherence is direct measure of stem volume; it decreases as
stem volume increases and increases as stem volume decreases. Contribution in coherence made by
vegetation is a complex quantity because it includes both a real and an imaginary term, j (equation 518). In the complex representation of Interferometric Water Cloud Model the amplitude of the vector
Γveg is determined by area-fill factor, vegetation temporal coherence, and backscattering strength of
vegetation. The phase φveg of vector depends on the InSAR system parameter and real tree height or in
other words it depends on forest topography.
Sum of the two vectors (Γgr and Γveg) is represented by the total complex coherence of forest γfor .
Amplitude of forest complex coherence represents the total forest coherence and phase represents the
phase of forest.
Applying the ‘sine rule’ on the graphical representation following result is obtained;
5-27

In the above equation all the terms can be measured either from InSAR image (phase of forest) or by
model training, except phase of vegetation. From invesion of equation (5-27) phase information of
vegetation can be extracted as;

5-28
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Equation (5-26) gives the amplitude and phase of the vegetation complex coherence term and is
written as;

1

5-29

5-30

From equations (5-28), (5-29), and (5-30) the expression of modelled tree height is written as;

5-31

Equation 5-31 gives the modelled tree height using Interferometric Water Cloud Model with InSAR
coherence and phase.
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6. Model Training and Results
Three parameters; backscatter of ground (σ0gr), backscatter of vegetation (σ0veg), and two-way forest
transmissivity (β) of Water Cloud Model are unknown. Including the three unknown parameters of
Water Cloud Model five parameters of Interferometric Water Cloud Models are unknown these
parameters are; three parameters of Water Cloud Model, coherence of vegetation, and coherence of
ground. These parameters will be retrieved from a set of in-situ measurements of forest parameters;
stem volume and height. Including these unknown parameters, area-fill factor η is also unknown
which will be estimated for stem volume measurements to include a factor representing canopy gaps.
The procedure to retrieve the unknown parameters of models with the help of in-situ measurements is
model training.
The models will be trained from a training set of in-situ measurements which has been collected for 50
sites and 197 plots (approximately four plots in each site) in Dudhwa National Park in March 2008.
Out of 197 plots, 100 plots are used to train the models and after training procedure models are tested
on all the 197 plots for which in-situ measurements are available.

6.1.

Water Cloud Model training with Envisat ASAR data

ASAR backscatter modelling with Water Cloud Model involves the following steps;
a) Water Cloud Model training procedure,
b) Retrieval of the model parameters,
c) Estimation of area-fill factor.
6.1.1.

Water Cloud Model training procedure

The three unknowns of Water Cloud Model will be estimated with non-linear regression analysis using
least square approximation approach. Least square approximation approach minimises the sum of the
squared difference between measured forest backscatter and modelled forest backscatter for each plot.
If σ0measured,i represents the measured backscatter value and σ0modelled,i represents the modelled
backscatter for each plot i then the least square technique is applied as;

∑

,

6-1

,

From equation (5-4) the expression of modelled forest backscatter is;

1

6-2
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In terms of unknown parameters of Water Cloud Model equation (6-1) is expressed as;

∑

,

,

,

1

6-3

The normal equation obtained from (6-3) using least square approximation is written as;

∑

,

∑

,

,

1

6-4

where,
Vi = stem volume at ith plot
,

= backscatter value contributed by ground surface
,

= backscatter value contributed by vegetation canopy

6.1.2.

Retrieval of the model parameters

The process to retrieve parameters includes two steps;
a) Parameters of Water Cloud Model are retrieved by normal equation obtained from least square
approximation. The procedure starts with estimation of two-way transmissivity β from
backscatter measurements using equation 6-4 and a regression analysis between in-situ stem
volume and measured backscatter is done. The estimated value of β is used to estimate the less
noisy backscatter values. These estimated values of backscatter are again used in equation 6-4
to estimate β and that completes the process of first iteration. The iteration is continued until
the values of parameters become constant. Since here two backscatter images of HH and HV
polarizations are available from a single image for same date, the optimization process is
continued until the same backscatter values from both the different polarized images are not
obtained. During the iteration process for model parameters retrieval it was observed the
parameters become constant after 2-3 iterations and their values are not showing any
remarkable change. For all available datasets the above described optimization process to
retrieve model parameter for each image is successfully done.
b) To prove the best fit of the retrieved model parameters a 3x3 matrix for each unknown model
parameter with possible values in range is created. The 3x3 matrix provides 729 set of model
parameters and these values are tested by regression analysis to train the model. Each
combination of values obtained from matrix is tested for backscatter measurements. The set of
parameter values, which give the minimum root mean square error of backscatter values using
equation 6-4, will be the best set of parameter values. It was observed that the best fit of
parameters obtained from this approach is similar to the set of parameters obtained from
iterative procedure. This approach is applied on each available backscatter image for
confirmation of best fit values and it was observed that the set of values obtained from
iterative procedure give the best fit result with least root mean square error. However this
process is more time taken and rigorous to estimate the best fit set of model parameters but by
using this approach it is confirmed that the values obtained from iterative process provide best
fit set of model parameters.
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Retrieved parameters of Water Cloud model using non-linear regression with least square
approximation is shown below in tabular form;
6-1: Model Parameters of Water Cloud Model for stem volume retrieval

Image Date

[dB]

25 October 2007
29 November 2007
03 January 2008

6.1.3.

β [ha/m3]

[dB]

-18.18
-16.50
-18.96

-10.25
-9.90
-9.89

0.0028
0.0032
0.0021

Estimation of area-fill factor

Area fill factor η is estimated by the inversion of equation 5-12. Attenuation of C-band microwave is
observed very high for dense forest area (Askne et al. 1997; Wegmuller et al. 2007). Sensitivity of
microwave signal to the stem volume is approximately 1 to 1.5 dB/m in the range of forest stem
volume 0-500 m3/ha and it decreases by 0.5 dB per 50 m3/ha for the forest area beyond 500 m3/ha
(Melon et al. article B IEEE transaction). In the present case attenuation per meter through trees were
taken 10 dB/m, due to high attenuation in microwave caused by highly dense vegetation canopy cover
and the estimated value of area fill-factor for available data is shown in Figure, 6-2.
6-5
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6-2: Relationship between area-fill factor and stem volume

Area-fill factor is a measurement which shows the closeness of canopy layer. It has already been
argued in chapter 5 that area-fill factor represents the fraction of ground covered by tree crown and it
is observed from the Figure, 6-2 that as the stem volume increases the area-fill factor also increases
and it shows that plots with high stem volume are covered by the tree crowns with high density of
canopy. Estimation of area-fill factor is dependent on the two-way transmissivity term β and due to
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this reason for different values of β, different area fill-factor are obtained for the plots with same stem
volume.

6.2.

Retrieval of stem volume using ASAR backscatter

Forest stem volume is retrieved by the inversion of the semi-empirical Water Cloud Model. The
inversion process is applied with the backscatter values of each plot for which in-situ measurement of
stem volume is available. The inverse form of Water Cloud Model to retrieve stem volume is given as;
6-6

6.2.1. Retrieval of stem volume from individual images
Once all the parameters of Water Cloud model is measured stem volume of forest area could be easily
retrieved by inversion of the model as expressed in equation 6-6. The obtained results of stem volume
suffers from saturation effect and are shown in the following figure which describes the relation
between measured stem volume and modelled stem volume.
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6-3: Relationship between ground-truth stem volume and modelled stem volume of different time period
obtained from inversion of Water Cloud Model

The scatterplot shown in Figure, 6-3 illustrates the agreement between the plot-wise distribution of
modelled and ground-measured stem volumes. The coefficient of determination as observed from
regression is showing acceptable variability in the stem volume estimates obtained from Water Cloud
model. The term acceptable variability considers the strength of penetration capability of C-band,
noise in the backscatter image, and the saturation condition. The variability of the estimates is
explained in terms of spread of the stem volume estimates as observed from the scatterplot between
modelled and ground-measured stem volumes. As shown in Figure, 6-3, the model accounts for
92.07% correlation in stem volume in October, 88.19% correlation in stem volume in November, and
90.49% correlation in stem volume in January, 2008.
Evaluation of model performance to describe the results of stem volume and other forest parameters
retrieval, the two statistical parameters are commonly considered; first is the coefficient of
determination R2 and second is root mean square error (RMSE). Ground-truth measurements at plot
level are highly accurate therefore the correction for sampling errors is not needed.
From figures it is evident that coefficient of determination is showing acceptable accuracy. On the
basis of regression between backscatter and stem volume with taking into account the ability of Cband microwave, the retrieved output for stem volume obtained from the model is showing strength to
measure forest stem volume. Root mean square error observed for the plots in stem volume retrieval
are also acceptable. RMSE for each image is computed by using the following formula;
∑

6-7

where,
= stem volume of ith plot modelled by Water Cloud Model
= ground-truth stem volume obtained from field measurements
= number of plots from where in-situ data have taken; in present case number of plots is 197.
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After using the formula given by equation 6-7, RMSE in stem volume for each image is obtained as;
a) 70.01787 m3/ha RMSE in stem volume is observed in October 2007
b) 88.98381 m3/ha RMSE in stem volume in November 2007
c) 76.12699 m3/ha RMSE in stem volume is retrieved in the image of January 2008.
6.2.2.

Retrieval of stem volume by multi-temporal approach

Retrieval of stem volume with the help of Water Cloud Model using backscatter values can be
improved by applying multi-temporal approach (Santoro et al. 2002, Wegmuller et al. 2007). In multitemporal approach, stem volume estimates of different images are combined together to obtain an
improved result with high coefficient of determination and low root mean square error. To apply
multi-temporal approach a linear combination of stem volume weighted by a weighting coefficient is
expressed as (Santoro et al. 2002);
,

∑

∑

,

6-8

where,
,
,

= multi-temporal stem volume of ith plot

= retrieved value of stem volume of ith plot in jth image
= weighting coefficient of jth image

Since RMSE is used to measure the accuracy of estimation, so it is considered as suitable weighting
factor and the weighting coefficient for each image will be estimated through the RMSE in the
estimates of each image. Weighting factor is computed from the following expression (Santoro et al.
2002);
,

∑

,

,

6-9

,

In the present study the total no. of images M=3, and the total number of plots N=197.
,

= ground-truth measurement of stem volume
= modelled value of stem volume in jth image

,
,
,

= ground measurement of stem volume at ith plot
= modelled value of stem volume at ith plot

= square of the root mean square error in stem volume estimate of jth image
= square of the root mean square error in stem volume estimate at ith plot
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6-4: Relationship between ground-truth stem volume and the estimates obtained from multi-temporal
analysis by combining the results obtained from single images.

The relation between ground-truth stem volume and multi-temporal stem volume is shown by
regression analysis in fig. 6-4. A comparative analysis of results obtained from images taken
separately and the estimates of multi-temporal analysis, shows that results obtained from multitemporal approach are better than the individual images. Estimates of multi-temporal approach have
high coefficient of determination and small RMSE than the estimates obtained from single images. To
compare the performance of Water Cloud Model for stem volume retrieval through single images and
multi-temporal approach, the coefficient of determination and least square error obtained from single
images and multi-temporal approach is shown below in tabular form.
6-2: Coefficient of determination, RMSE, and weighting coefficients of images of different time-period.

October 25 2007
Coefficient
of 0.8478
2
determination R
Root mean square 70.0178 m3/ha
error(RMSE)
Weighting
0.3626
coefficient w

November 29
2007
0.7778

January 03 2007
0.8191

Multi-temporal
approach
0.9261

88.98381 m3/ha

76.12699 m3/ha

49.60037 m3/ha

0.3096

0.3278

Table, 6-2 shows that the stem volume retrieval obtained from multi-temporal approach is much
accurate than the stem volume retrieval from individual images. Weighting coefficients obtained from
equation 6-9, as shown in Table, 6-2 follows a relation which is related to RMSE and coefficient of
determination. Images which have high coefficient of determination and low residual values are
weighted by weighting coefficient with higher values, and it can easily be observed from above table.
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6.3.

Retrieval of aboveground biomass using ASAR backscatter

Applying the same technique as used in stem volume retrieval the following normal equation is
obtained for biomass retrieval from Water Cloud Model;
6-10

where,

= biomass at ith plot

Model parameters retrieved by this approach for forest biomass estimation is shown in the following
table;
6-3: Model parameters of Water Cloud Model for aboveground biomass retrieval

Image Date

[dB]

[dB]

β [ha/m3]

25 October 2007

-19.440

-10.314

0.0040

29 November 2007

-17.866

-10.205

0.0047

03 January 2008

-15.134

-12.990

0.0032

The following expression is obtained from equation 6-10, to retrieve forest biomass with same value
of Water Cloud Model parameters;
6-11

Two types of approaches are applied in biomass retrieval from Water Cloud Method; first is the
biomass retrieval by applying the individual image estimates and the second is biomass retrieval from
multi-temporal approach by combining the estimates obtained from individual images.
6.3.1. Retrieval of aboveground biomass from individual backscatter images
Inserting all the parameters of Water Cloud Model in equation 6-11, the forest biomass can be
retrieved for each individual plots of forest area. Following image shows the relationship between
modelled biomass and biomass measured from in-situ measurements.
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fo
biomasss estimation
n. However,,
biomass retrieval from ASAR
R backscatterr modelling suffers
s
from the saturatioon problem arrising due too
envirronmental conditions andd short wavellength of rad
dar waves, buut the result oobtained from
m regressionn
analyysis showed,, coefficientt of determiination high
her than 0.773 (higher thhan 85.44%
% correlationn
betweeen modelledd and groundd measured aboveground
d biomass) . From figurees it is eviden
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plots which contaain low biom
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w Water Cloud
C
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p
andd
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y combiningg
the reesults with weighting
w
coeefficients obttained from individual
i
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mages.
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w
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e
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mination for each image is shown inn
Tablee, 6-3.
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6.3.2.

Multi-temporal approach for aboveground biomass retrieval

To reduce the effect of saturation and to improve the result of estimates multi-temporal approach is
applied which shows the potential of modelling approach through multi-temporal analysis. For the
multi-temporal approach it is observed that the plot of estimated against measured stem volumes
shows a better linear relation in comparison to individual images. This more linear distribution of plots
is achieved by giving appropriate weighting coefficient to each backscatter image. Following figure
shows the regression analysis between ground-truth measured biomass and biomass obtained from
modeling through multi-temporal approach.

Multi‐temporal

700
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Modelled biomass

500
400
300
200
y = 0.000x2 + 0.726x + 51.12
R² = 0.899

100
0
0

100

200

300
400
500
Ground‐measured biomass

600

700

6-6: Relationship between ground-truth biomass and biomass obtained from modeling approach through
multi-temporal analysis.

A comparison based study to retrieve biomass through the two approaches shows that the biomass
retrieved through multi-temporal analysis provides better estimates than the estimates obtained from
single images. Table, 6-4 is drawn to compare the strength of Water Cloud Model applied in biomass
retrieval through individual images and biomass retrieval through multi-temporal approach.
6-4: Coefficient of determination, RMSE, and weighting coefficients of images of different time-period
obtained during biomass retrieval through modelling approach.

October 25 2007
Coefficient of
determination R2
Root mean square
error(RMSE)
Weighting
coefficient w

January 03 2007

0.8318

November 29
2007
0.734

0.8137

Multi-temporal
approach
0.899

53.15181 tons/ha

69.2114 tons/ha

56.03821 tons/ha

41.06736 tons/ha

0.367214

0.302105

0.330681

From the analysis of the above table it is observed that the strength of Water Cloud Model for biomass
retrieval is increased by applying multi-temporal approach. The estimates of multi-temporal approach
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are giving high coefficient of determination and low root mean square error. The idea behind
weighting coefficient of each image is that the image with low standard error of estimates and high
coefficient of determination will assigned by higher weighting factor as calculated with equation 6-9
(for biomass retrieval).
Stem volume has been successfully retrieved by Water Cloud Model using ‘Envisat’ ASAR data
(Wegmuller et al. 2007). Here an attempt is made to retrieve forest biomass by Water Cloud Model
and it is observed that results of biomass retrieval obtained from model inversion technique are in
good agreement with field-measured biomass. Optimization process to retrieve model parameters for
biomass retrieval gives the different values of parameters (Table, 6-3) as retrieved for stem volume.

6.4.

Interferometric Water Cloud Model training with backscatter and
coherence values obtained from Envisat ASAR image pairs

ASAR backscatter and coherence modelling with Interferometric Water Cloud Model involves the
following two steps;
a) Interferometric Water Cloud training procedure
b) Retrieval of the model parameters
6.4.1.

Interferometric Water Cloud training procedure

Interferometric Water Cloud Model includes five model parameters. Three parameters have already
measure through Water Cloud Model. The remaining two parameters of the Interferometric Water
Cloud model which are unknown will be measured by the same approach as applied on Water Cloud
Model and these parameters are; coherence of ground ( ) and coherence of vegetation (
).
The normal equation obtained for stem volume retrieval from equations 6-3 and 5-26, is;

,

,

1
,

,

,

,

6-12

where,
,

= coherence value at ith plot measured from image

= InSAR geometry computed from equation 5-14.
,

= in-situ tree height measured at ith plot
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6.4.2.

Retrieval of Interferometric Water Cloud Model parameters for stem volume
estimation

Out of five parameters, three parameters of Interferometric Water Cloud Model have been measured as
model parameters of Water Cloud Model. The remaining two parameters will be retrieved by the
normal Equation 6-12 obtained from least square approximation. The iterative method of parameter
retrieval starts in the same way as the parameter retrieval of Water Cloud Model described in section
1.1.2. The iteration process of parameter retrieval stops when the values of parameters become
constant. It was observed that in the this case after 1-2 iteration values of parameters become constant
and they are not showing any further change in their values.
A best fit value of Interferometric Water Cloud Model parameters was proved with a 2x2 matrix for
each unknown parameter. The retrieved parameters are tested with 16 set of parameters provided by
the matrix and it was observed that the retrieved values of model parameters by iteration procedure is
showing minimum root mean square error and maximum coefficient of determination with observed
value of coherence measured from the coherence image. The retrieved values of Interferometric Water
Cloud Model parameters are shown in Table, 6-4.
6-5: Retrieved model parameters of Interferometric Water Cloud Model for stem volume estimation.

Image pair
25 October
200729 November
2007
25 October
200703 January
2008
29 November
200703 January
2008

[db]

[dB]

β [ha/m3]

0.296

0.282

-18.18

-10.25

0.0028

0.334

0.127

-16.50

-9.90

0.0032

0.365

0.162

-18.18

-10.25

0.0028

0.238

0.103

-18.96

-9.89

0.0021

0.296

0.152

-16.50

-9.90

0.0032

0.243

0.132

-18.96

-9.89

0.0021

Each pair of coherence image contains two backscatter images and it is clear from the above Table
which shows that for each pair of coherence image, two backscatter values are available.
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6.5.

Retrieval of stem volume using backscatter and coherence of SAR data
pair

Stem volume from backscatter and coherence values of InSAR pair is retrieved by inversion approach
of Interferometric Water Cloud Model. To retrieve stem volume the following expression is obtained
from equation 5-26;

6-13

6.5.1. Retrieval of stem volume from individual images
Stem volume retrieval is performed by applying the inversion technique as given in equation 6-13 by
substituting the values of model parameters. The inversion technique is applied on each coherence
image using two backscatter values which are obtained from the single images of each pair. The two
different values for each coherence image provide two different coherence values for ground as well as
vegetation. Thus two sets of parameters; each set with five parameters is applied separately on
coherence values of each image to retrieve forest stem volume. The retrieved stem volume obtained
from modeling approach is then compared to the ground measured stem volume. The comparison is
done by applying regression approach between the two available set of stem volume and following
relation is obtained as shown in Figure, 6-7.
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6.5.2
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val of stem volume by
y multi-temporal apprroach

r
obtainned from muulti-temporall analysis of InSAR dataa pair is show
wn in Figuree 6-8 and thee
The results
analyysis of the result
r
obtainned from SA
AR backscattter and InSA
AR coherence will be discussed
d
inn
chaptter,7.

6-88: Relationsh
hip between ground-meas
g
sured stem vo
olume and moodelled stem volume obtaiined from
multi-tempooral data of InSAR
I
imagee pairs.

W
Cloudd Model to retrieve forest stem volume by mu
ulti-temporall
Potenntial of Interrferometric Water
approoach is show
wn in Table, 6-6. The tabble shows th
hat results obbtained from multi-tempo
oral analysiss
have higher coeffficient of dettermination (0.944) and lower root mean
m
square error (50.65
5m3/ha) thann
the reetrieval techhnique in whhich stem voolume was estimated seeparately froom individuaal coherencee
imagees, section 6.5.1.
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6-6: Root mean square error and coefficient of determination obtained from modelling of individual
InSAR pair and multi-temporal analysis of all the InSAR pairs for stem volume retrieval.

Image Pair

25 October 200729 November 2007
25 October 200703 January 2008

29 November 200703 January 2008

Multi-temporal

Root mean square
error (RMSE)

Coefficient of
determination (R2)

Weighting coefficient
(w)

83.14188 m3/ha

0.8029

0.143275

71.77595 m3/ha

0.8651

0.176438

74.2114 m3/ha

0.8399

0.173504

80.80873 m3/ha

0.8288

0.156437

67.21564 m3/ha

0.8632

0.184371

78.82456 m3/ha

0.8442

0.165975

50.6532 m3/ha

0.944

6.6.

Retrieval of aboveground biomass from Interferometric Water Cloud
Model

6.6.1.

Interferometric Water Cloud Model parameters retrieval for aboveground
biomass estimation

To retrieve the model parameters of Interferometric Water Cloud Model for aboveground biomass
estimation, the normal equation can be written as;

,

,

1
,

,

,

,

6-14

where,

= biomass at ith plot

Applying the least square approximation approach the unknown parameters of Interferometric Water
Cloud Model were retrieved. Two values for every parameter in each coherence image were obtained
as given in Table, 6-7.
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6-7: Model parameters of Interferometric Water Cloud Model for aboveground biomass estimation

Image pair
25 October
200729 November
2007
25 October
200703 January
2008
29 November
200703 January
2008

[db]

[dB]

β [ha/m3]

0.322

0.257

-19.440

-10.314

0.0040

0.504

0.129

-17.866

-10.205

0.0047

0.334

0.203

-19.440

-10.314

0.0040

0.277

0.136

-15.134

-12.990

0.0032

0.531

0.109

-17.866

-10.205

0.0047

0.251

0.193

-15.134

-12.990

0.0032

6.6.2. Retrieval of aboveground biomass from individual coherence images
Once the parameters of Interferometric Water Cloud Model are retrieved, aboveground biomass can be
estimated by using the model inversion technique as shown in equation 6-15.

6-15

On applying model inversion technique on each individual coherence images following results were
obtained as shown in following figure.
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6-9:: Relationship
p between groound-measurred abovegro
ound biomass (X-axis) and
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boveground
biomass (Y-axis).
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on obtained through no
on-linear reggression forr abovegrou
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Co-effficient of determinatio
estim
mation througgh Interferom
metric Waterr Cloud Mod
del showed better
b
resultss (0.82 ≤ R2≤ 0.87) thann
the estimation
e
off biomass thhrough Wateer Cloud Mo
odel in whicch coefficiennt of determ
mination wass
2
abovee than 0.73 but
b below thaan 0.84 (0.733≤ R ≤0.83).

6.6.3
3.

Retriev
val of above
eground biiomass by applying multi-tempo
m
oral approa
ach on all
the coh
herence images

To im
mprove the results
r
in abboveground biomass estiimation a multi-tempora
m
al approach was appliedd
whichh combines all coherencce images by
b giving ap
ppropriate weighting
w
coeefficient to each image..
Resullt obtained from
fr
multi-teemporal apprroach is show
wn in the Figgure, 6-10, w
which represeents the non-linearr regressionn between abovegrounnd biomass obtained by multi-teemporal app
proach andd
aboveeground biom
mass obtaineed by groundd-measuremeent.
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6-10: Non-linear
N
reggression betw
ween ground-measured ab
boveground b
biomass (X-ax
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nd abovegrou
und biomass obtained
o
from
m multi-temp
poral approacch (Y-axis).

Coeffficient of deetermination obtained frrom non-lineear linear reegression beetween groun
nd-measuredd
aboveeground biom
mass and moodelled biom
mass from mu
ulti-temporal approach is much higher (0.94) thann
the coefficient off determinattion obtainedd from indiv
vidual cohereence imagess (0.82 ≤ R2≤ 0.87) andd
coeffficient of determination obtained
o
from
m individual (0.73≤ R2 ≤0.83) and muulti-temporaal (R2 = 0.89))
backsscatter imagees.

6‐8:: Standard errror of estimaates and coeffficient of deteermination ob
btained from
m modelling off individual
In
nSAR pair an
nd multi-temp
poral analysiis of all the In
nSAR pairs foor abovegrou
und biomass retrieval.
r

Image Pair
P
25 October 20072 Novembeer 2007
29
25 October 200703 January 2008
229 Novembeer 200703 January 2008
Multi-tempporal

Root mean square
error (RM
MSE)

Coefficiennt of
determinatioon (R2)

W
Weighting co
oefficient
(w)

57.1084 toons/ha

0.82266

0.1382

51.0743 toons/ha

0.8741

0.1847

50.0928 toons/ha

0.86077

0.1793

57.9498 toons/ha

0.83688

0.1467

47.9506 toons/ha

0.86788

0.1865

54.6657 toons/ha

0.85944

0.1646

35.6645 toons/ha

0.94777
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6.7.

Tree height estimation

6.7.1. Interferometric tree height
Interferometric tree height is referred as the height of the effective scattering centre of the forest and is
also known as effective tree height (Askne et al. 1997; Dammert et al. 1998). Following approach
was used by Santoro et al. (2005) to measure effective tree height and is described in detail in
(Hagberg et al. 1995).
6-16

where,

= interferometric tree height
= measured phase difference at ith plot
It has been observed that the normal baseline component larger than 100 m gives good result
in tree height estimation, and it also found that due to large baseline noise plys an important
role (Askne et al. 1997; Dammert et al. 1998). The phase and coherence values in image may be
interrupted by noise.
In present ASAR data pairs, normal baseline component of each data pair is greater than 100m. The
interferometric tree height estimated from these data pairs with their relationship to ground-measured
tree height is shown in following figure.
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6-11: Rellationship bettween interfeerometric treee height and ground-meassured tree height

It is clearly
c
visiblle from the non-linear
n
reegression analysis betweeen ground-m
measured treee height andd
interfferometric trree height that
t
the ressult obtained
d from C-bband InSAR
R data show
ws very lesss
correlation for trree height measurement.
m
. The main reason for this
t
bad accuuracy is thee penetrationn
capaccity of C-bannd microwavve. The uppeer vegetation
n canopy of forest has leess stable co
ondition thann
tree branches,
b
steem and twiggs. C-band microwave
m
arre not capabble to penetraate the uppeer vegetationn
layer and due to this reason the
t coherencce image forr dense foresst area shows high decorrrelation andd
less correlation.
c
I
Interferomet
tric tree heigght also depeends on the age and struucture of thee forest. Forr
olderr forest structture penetrattion capabiliity of short wavelength
w
m
microwaves
are not able to penetratee
upperr vegetation layer and the
t relevant coherence information could not bbe achieved. The forestt
topoggraphy captuured by radarr changes beetween acquiisitions. Chaanges becom
me more prom
minent if thee
imagee pairs are taken with large tempooral gap. Due to the reeason of tem
mporal instaability noisee
compponent appeaars in the phhase informattion of InSA
AR pair and the phase suuffers from large
l
spread..
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The pair
p acquiredd in 25 Oct 2007-03
2
Jan 2008 showeed noisy heigght estimatess as shown in
n image 6-9..
The noise
n
effect might
m
be intrroduced by thhe long time period betw
ween the two acquisitions..
Otherr image pairrs also show
wed bad corrrelation but it
i were obseerved the intterferometricc tree heightt
whichh basically reepresents thee height of sccattering cen
ntre has less height than tthe tree heig
ght measuredd
in thee ground surrvey. In all the
t image paairs, obtained root meann square erroor is not acceptable as itt
show
ws approximaately 10m errror in tree height as show
wn in Table, 6-9.
6
Coeffficient of dettermination obtained from non-lineaar regression analysis andd root mean square errorr
of thee estimates iss shown in foollowing tablle.
6 Coefficien
6-9:
nt of determiination and rooot mean squ
uare error ob
btained from non-linear reegression
anallysis between interferomettric tree height and groun
nd-measured tree height.

Image pair
25 Occtober 2007-29 Noovember 20007
25 Occtober 2007-03 Jaanuary 2008
29 Noovember 2000703 Jaanuary 2008

6.7.2
2.

Coeffficient of deetermination
(R2)

Root meean square errror (RMSE))

0.1123
3

8.99m

0.1098
8

9.96m

0.2372
2

10.18m

Tree he
eight retriev
val from In
nterferomettric Water Cloud
C
Mod
del

Interfferometric trree height onnly representts the microw
wave scatteriing property of forest and estimationn
proceess involves the
t informattion of phasee as well as InSAR system
m property. E
Equation 5-3
31 shows thee
abilityy of Interferrometric Waater Cloud Model
M
to retriieve tree heiight. Modellling approach
h to retrievee
tree height
h
includdes phase of forest, modeelled coheren
nce value, innformation of stem volum
me, two-wayy
attenuuation and modelled
m
backkscatter valuue of vegetatiion and foresst. Applying these valuess to equationn
5-31, a better estiimate was obbtained thann direct meassurement of tree
t
height thhrough InSA
AR property..
Obtaiined result foor tree heightt retrieval is shown in folllowing figurre;
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6-12: Non-lineaar regression
n analysis betw
ween ground
d-measured trree height and
d modelled trree height

Whilee the modellled tree heighht have not good
g
correlaation with groound measurred tree heig
ght but betterr
coeffficient of dettermination was
w obtainedd than the in
nterferometric tree heighht. Table, 6-8 shows thee
potenntial of tree modelling
m
appproach throuugh coefficieent of determ
mination and rroot mean sq
quare error.
6-10: Cooefficient of determination
d
n and root meean square errror of modelled tree heig
ght.

Image pair
R2
RMSE

2 October 200725
2
229 Novemberr 2007
0.3665
0
0.2614
5.11587 m 7..4127 m

25 October 200703 Januaryy 2008
0.3588
0.2593
5.6793
5
m
7.6347 m

29 Novem
mber 200703 January 2008
0.2851
0.2592
6.3725 m
7.7393 m

Compparison of tw
wo Tables, 6-9
6 and 6-10,, concluded that
t
results obtain
o
from modelled treee height aree
betterr than that off interferomeetric tree heiight. Model based
b
approaach; equationn 5-31 not only involvess
the innformation of
o forest phasse, but also includes
i
the backscatter and forest sttem volume information..
Due to these coomponents model baseed tree heig
ght retrievall gives morre accurate result thann
interfferometric treee height.
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7. Analysis of the results obtained
from SAR backscatter and InSAR
coherence: Discussion
The procedure to train the models has been described in sections, 6.1.1 and 6.4.1. An iterative method
to train Water Cloud Model and Interferometric Water Cloud Model was applied separately to avoid
the errors introduced by the spread of backscatter data and its low sensitivity to stem volume. Once
parameters of Water Cloud Model are measured it becomes easy to model the forest backscatter using
inversion process as shown in Figure, 6-1. The modelled forest backscatter values are in good
agreement with measured forest backscatter and it is observed by high coefficient of determination and
low root mean square error. Due to small dynamic range, C-band waves only interact with top layer of
canopy and show less sensitivity to forest attributes like tree height (results of section 6-7). The
backscatter in dense forest was mainly affected by the dielectric properties of upper vegetation layer
and that of sparse forest was mainly affected by the dielectric properties of soil moisture. Backscatter
values as shown in Figure, 6-1 show good correlation with high stem volume and as stem volume
decreases much variation in backscatter values is observed. The main reason in such type of variation
in ASAR backscatter values is saturation condition which is more effective in the case of C-band SAR
data. Including saturation condition there are other reasons which affects backscatter values for
particular forest plot. The traditional GPS instruments which are used to determine the position of
forest plot gives 20m positional error. Misplacements in image pixels may arise during SAR
geocoding technique. In Dudhwa National park plots with high forest density are surrounded by dense
forest area, thus any small mismatching during either GPS measurement or geocoding will not more
effective. Error in GPS measurement or in geocoding technique becomes more effective in case of
forest area with low density. For dense forest area approximately -14 dB backscatter value was
observed and this value decreases as the stem volume decreases (Figure, 6-1).
Stem volume retrieval from backscatter values was carried out by using Water Cloud Model with its
optimized parameters for all the available backscatter images of different time-period. For all images
the coefficient of determination was greater than 0.77 and in the month of October its value was
observed maximum (0.8318) as shown in Table, 6-2. The error of estimates in October showed
minimum value (70m3/ha) and maximum root mean square error (88.98381 m3/ha) was observed in
the month November. The multi-temporal combination of all the different time-period backscatter
images decreased the root mean square error and a better coefficient of determination was obtained, as
shown in Figure, 6-4.
In multi-temporal analysis weighting coefficient is image dependent and the ability of each image to
retrieve stem volume for all the 197 plots has been considered. After applying equation (6-9) on each
individual backscatter image of different time periods, the weighting coefficients for each backscatter
image was retrieved. For image of low residuals in estimates (low RMSE in stem volume estimates),
value of weighting coefficient was high and image of high residual weighting coefficient was observed
low. In stem volume retrieval from backscatter images the image of 25 October showed lowest
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residual (70.0178 m3/ha) and weighted by highest value of weighting coefficient (0.3626), as shown in
Table, (6-2). Backscatter image of 25 October showed better results in stem volume retrieval (R2
=0.8478 and RMSE = 70.0178 m3/ha) than the other backscatter images so it was weighted by the
highest weight in stem volume retrieval.
Section, 6.3 showed the potential of Water Cloud Model in forest biomass estimation. Model
parameters were again estimated for biomass retrieval and the obtained results showed coefficient of
determination higher than 0.73. After multi-temporal analysis correlation above 85% was obtained
through non-linear regression analysis between ground-measured biomass and modelled biomass
(Figure, 6-6). Lowest value of RMSE (53.15181 tons/ha) and highest coefficient of determination
(0.8318) in aboveground biomass estimation was observed for the backscatter image of 25th October.
After multi-temporal analysis a better result in aboveground biomass estimation was observed for
which RMSE was 41.06736 tons/ha and coefficient of determination was 0.899 as shown in Table, (64).
As shown in Figure, 6-7 and Table, 6-6 the results obtained from InSAR coherence images for stem
volume retrieval was better than the backscatter images. The minimum RMSE and maximum
coefficient of determination in stem volume retrieval from backscatter image were obtained in the of
October with values 70.0178 m3/ha and 0.8478 respectively, and in stem volume estimation from
coherence images minimum RMSE (67.21564 m3/ha) and maximum R2 (0.8632) was obtained from
the coherence image 29 Nov-03 Jan with 29 Nov backscatter values, as shown in Table, (6-6).
Comparison of Tables, (6-2) and (6-6) showed that coherence images are more suitable than the
backscatter images in stem volume retrieval. Previous studies (Askne et al. 1997; Askne et al. 2005;
Santoro et al. 2005) showed that coherence does not suffer from saturation at low stem volume, so
coherence values were found more suitable for stem volume retrieval. Backscatter values also showed
results with acceptable accuracy as shown in Table, 6-2, but the results obtained from coherence
images were better than that of backscatter images. After multi-temporal combination of coherence
images, 0.94 coefficient of determination was recorded by non-linear regression analysis. The same
condition was obtained for aboveground biomass estimation from backscatter and coherence images
and from Tables, (6-4) and (6-8), it was observed that coherence images have more capability to
estimate aboveground biomass as well as stem volume. In aboveground biomass estimation from
coherence images, lowest value of RMSE was 47.9506 m3/ha and after multi-temporal analysis the
RMSE reduced to 35.6645 m3/ha.
During modelling approach with backscatter and coherence images a linear alignment between
ground-measured stem volume and modelled stem volume was recorded. Same type of alignment was
observed for aboveground biomass retrieval.
Section, 6-7 is focussed on tree height estimation. Two types of approaches were applied, first
approach used the InSAR geometry and the second used the modelling technique. The first approach
showed very poor result in tree height estimation in which coefficient of determination was not more
than 0.23 and the minimum residual in tree height estimates was 8.99 m. From Table, (6-9), it can be
easily observed that the image pair with highest R2 has highest residual (10.18m) and the minimum
residual (8.99m) was obtained for the image for which coefficient of determination was 0.1123. The
results obtained from tree height estimation suggested that, it is not necessary that images with higher
R2 will show lower RMSE. A better result in tree height estimation was obtained from modelling
approach in which R2 was above than 0.25 and minimum RMSE was 5.11m as shown in Table, 6-10.
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8. Conclusions
As mentioned in the first chapter, the prime focus of the present study was “to retrieve aboveground
forest biomass and forest stand parameters like stem volume and tree height of a tropical forest area
with the help of ‘Envisat’ ASAR data”.
A model based approach was used to retrieve aboveground biomass, stem volume and tree height.
Two models Water Cloud Model and Interferometric Water Cloud Model were trained with the help of
ASAR backscatter and InSAR coherence information. The model training procedure was completed
by including 100 forest plots for which in-situ measurements of stem volume and tree height were
available. The training procedure consisted of an iterative regression of Water Cloud Model and
Interferometric Water Cloud Model. Accurate estimates of backscatter of vegetation, backscatter of
ground, two way tree transmissivity, coherence of vegetation, and coherence of ground were obtained.
After training procedure the models were tested for all the 197 forest plots. The two models well
described the dependency of backscatter values and coherence values upon stem volume. It was
observed that higher backscatter values represent high stem volume and as stem volume decreases
backscatter values also decreases. ASAR coherence showed the inverse relation with stem volume.
The coherence value decreases as the stem volume decreases.
For stem volume and aboveground biomass retrieval by Water Cloud Model, high coefficient of
determination (0.93 in stem volume retrieval and 0.90 in aboveground biomass retrieval) with low root
mean square error (49.60 m3/ha in stem volume retrieval and 41.06 tons/ha in aboveground biomass
retrieval) was obtained after multi-temporal approach by combining the backscatter images of 25
October, 29 November, and 03 January with appropriate weighting coefficient.
Stem volume retrieval with Interferometric Water Cloud Model showed 0.80 ≤ R2 ≤ 0.86 and
67.21564 m3/ha ≤ RMSE ≤ 83.14188 m3/ha which is better result than the results (0.78 ≤ R2 ≤ 0.85
and 70.0178 m3/ha ≤ RMSE ≤ 88.98381 m3/ha) obtained from Water Cloud Model. After multitemporal analysis by including all the coherence images of different months as shown in Figure, 6-8
and Table, 6-6 much better results (R2=0.94 and RMSE=50.6532 m3/ha) were obtained than the
individual coherence images. The results of the study for stem volume retrieval showed that InSAR
coherence is more suitable than the SAR backscatter but the multi-temporal analysis of backscatter
images and coherence images showed approximately the same results in stem volume retrieval, as
shown in Tables, 6-2, and 6-6.
Interferometric Water Cloud Model showed better performance than the Water Cloud Model in
aboveground biomass retrieval. The coefficient of determination obtained from non-linear regression
between estimates of individual coherence images and ground-measured aboveground biomass, was
above than 0.82 (0.82 ≤ R2 ≤ 0.87) and standard error of estimates was below than 57.95 tons/ha
(50.09 ≤ RMSE ≤57.95). After multi-temporal analysis, coefficient of determination between
modelled and ground-measured biomass showed the higher value (0.94) than the modelled
aboveground biomass estimated from individual backscatter images (Figure, 6-5), multi-temporal
analysis of backscatter images (Figure, 6-6 and Table, 6-4), and individual coherence images (Figure,
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6-9 and Table, 6-8). The standard error of estimates obtained from multi-temporal analysis of
coherence images for aboveground biomass retrieval was lower than (35.66 tons/ha) that of
backscatter images (41.06736 tons/ha) obtained from modelling approach using Water Cloud Model.
Above discussion concluded that Interferometric Water Cloud Model is more suitable than Water
Cloud Model for stem volume and aboveground biomass estimation.
Interferometric tree height retrieval from phase and coherence information showed very bad
relationship with ground-measured tree height. In all the image pairs, more than 9m of error was
observed. Image pair 25 October 2007-03 January 2008 showed much variation in results due to long
temporal distance. Coefficient of determination was also very low (0.1). Model based tree height
showed better results than the interferometric tree height. The root mean square error in modelled tree
height was approximately 6m, and better correlation (0.26 ≤ R2 ≤ 0.36) than the interferometric tree
height (0.10 ≤ R2 ≤ 0.24) was obtained between ground-measured forest tree height and modelled tree
height as shown in Tables, 6-9 and 6-10.
Summarising the results, it is possible to retrieve forest biomass and forest stand parameters by
modelling approach with the help of space-borne radar data including in-situ measurements.

8.1.

Recommendations

On basis of earlier and present studies it was observed that woody biomass, stem volume and tree
height cannot be directly retrieved solely from remotely sensed radar data. The semi-empirical models
used in this study have estimated woody biomass and stem volume with help of SAR and InSAR
derived model parameters in combination with in-situ data. The study shows these two models have
been applied based on certain assumptions (described in modelling theory, chapter, 5.) due to which
Water Cloud and Interferometric Water Cloud Models do not consider microwave scattering from all
the parts of vegetation. A vegetation scattering model to include microwave scattering from all the
components of vegetation can be considered with a wide range of wavelength, and experimented with
Water Cloud and Interferometric Water Cloud Models for better results in woody biomass, volume
and height estimation.
To improve the results in phase estimation from interferogram for tree height retrieval, a high temporal
resolution data with longer wavelength can be considered and better results in tree height estimation as
well as woody biomass and volume retrieval quad-polarized L-band data includes maximum structural
information of forest stands. Thus finally the study proposes that modelling approach including
microwave scattering from all the vegetation components should be carried out in combination with
longer wavelength and high temporal resolution quad-polarized radar data.
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Appendix A
The empirical models developed by Forest Survey of India (FSI), 1996 to measure species-wise stem
volume and species-wise specific gravity developed by Forest Research Institute, India.
S.No Botanical Name

Volume Equation

1

Acacia catechu

V/D2=0.16609/D2-2.78851/D+17.22127-11.60248D

2

Adina cardifolia

V/D2=-0.00342/D2--0.0922/D+2.28178+9.46641D
2

2

Specific
Gravity
0.875
0.583

3

Aegle marmelos

V/D =-0.00342/D --0.0922/D+2.28178+9.46641D

0.754

4

Albizzia procera

√V = -0.469497+3.698566*D

0.579

5

Amblica officinalis

V/D2=-0.00342/D2--0.0922/D+2.28178+9.46641D

6

Bauhinia racemosa

V = -0.04262+6.09491D2

7

Bauhinia variegata

V/D2=-0.00342/D2-0.0922/D+2.28178+9.46641D

0.629

8

Bombax malabaricum

V/D2=-0.00342/D2--0.0922/D+2.28178+9.46641D

0.329

9

Bridelia retusa

V = -0.00021+0.06175D+3.97424D2

0.499

2

0.5
0.73

2

10

Butea monosperma

V/D =-0.00342/D --0.0922/D+2.28178+9.46641D

0.465

11

Careya arborea

√V = 0.23738+2.33289*D+0.48512*√D

0.644

2

0.572

12

Casearia graveolens

V = 0.14031-2.06478D+11.25750D

13

Cassia fistula

V = 0.066+0.287D2H

0.746

14

Cordia dichotoma

V = -0.49388+7.56417D-31.45373D2+50.93877D3

0.643

15

Dalbergia sissoo

V/D2=-0.00342/D2-0.0922/D+2.28178+9.46641D

0.669

16

Eucalyptus sp

V = -0.0015+0.2401D2H

0.697

17

Ficus glomerata

√V = 0.03629+3.95389D-0.84421D2

0.523

√V = 0.03629+3.95389D-0.84421D

2

0.523

√V = 0.03629+3.95389D-0.84421D

2

0.523

2

0.523

18
19

Ficus hipsida
Ficus lacor

20

Ficus palmata

√V = 0.03629+3.95389D-0.84421D

21

Ficus rumphii

√V = 0.03629+3.95389D-0.84421D2

0.523

22

Grewia subinaequalis

V = -0.44075+7.49221D-36.09962D2+71.91238D3

0.829

23

Lagerstroemia parviflora

V=0.11740-1.58941D+9.76464D2

24

Lannea coromandelica

V/D2=0.14004/D2-2.35990/D+11.90726

25

Madhuca indica

V/D2=-0.00342/D2--0.0922/D+2.28178+9.46641D

0.71

2

26

Mallotus philippensis

V = 0.14749-2.87503D+19.61977D -19.11630D

27

Miliusa vehutina

√V = 0.66382+7.03093D-3.68133√D

28

Mitragyna parvifolia

2

2

0.497
3

V/D =-0.00342/D --0.0922/D+2.28178+9.46641D
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29

Murrya konigii

V/D2=-0.00342/D2--0.0922/D+2.28178+9.46641D

30

Ougeinia oojeinensis

√V = 0.41563+5.14405*D-2.11832√D

31

Putaranjiva roxburghii

V/D2=-0.00342/D2--0.0922/D+2.28178+9.46641D

0.73

32

Randia dumetorum

V/D2=-0.00342/D2--0.0922/D+2.28178+9.46641D

0.5

2

0.61
0.5

2

33

Schleichera oleosa

V/D =-0.00342/D --0.0922/D+2.28178+9.46641D

34

Semecarpus anacardium

√V = 1.67447+14.83747D-9.43386√D

35

Shorea robusta

√V = 0.16306+4.8991D-1.57402√D

36

Solanum viarum

V/D2=-0.00342/D2--0.0922/D+2.28178+9.46641D

37

Syzygium cerasoides

V = -0.13284+1.88944D-4.96385D2+21.41051D3

0.647

38

Syzygium cumini

V = 0.08481-1.81774D+12.63047D2-6.69555D3

0.647

39

Tectona grandis

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

0.578

40

Terminalia tomentosa

V/D2 = 0.18149/D2-2.85865/D+18.60799

0.696

2

0.5
0.726

3

41

Toona ciliata

V=0.21869-2.04074D+10.41713D +1.85232D

42

Trewia nudiflora

V = -0.45312-0.41426D+2.10913√D

43

Zizyphus sp.

V = 0.027354+4.663714D

where,
V = stem volume
D = stem diameter
H = tree height
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Appendix B
Field photographs were taken during field inventory in Dudhwa National Park. Photographs were
taken in March 2008 by Forestry division of IIRS to show the different forest types, wetlands, and
grassland.

Field Photographs 1: Sal forest (a, b & c), sal mixed (d), teak plantation (e) and young teak plantation (f).
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Field Photographs 2: Eucalyptus plantation (a), teak plantation (b), khair forest (c), jamun forest (d),
shisham plantation (e) and eucalyptus and shisham mixed plantation (f).
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Field Photographs 3: Different wetlands (a, b, c, d) and river channels (e, f).
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