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ABSTRACT
Forest are the major source of carbon content and influences the carbon cycle. It is necessary
to assess aboveground biomass (AGB) to determine the health of forest, greenhouse effect
and climate change studies. Traditional based methods are laborious, time consuming,
expensive and accessible to limited areas. Remote Sensing and GIS based methods are very
effective in AGB assessment. The current research work has focused on SAR and Lidar
remote sensing methods. Because SAR has the capability of penetrating the cloud cover and
Lidar can capture the 3D information of the tree structure. A part of Timli forest range was
selected for the study. Here, RISAT-1 FRS2 quad pol data acquired in C band was utilized.
The three different decomposition models were used to extract the scattering variables and
the comparative study suggested to use multi-component and Yamaguchi models scattering
elements as input parameters for biomass modeling. Tree biophysical parameters like stem
diameter and tree height were extracted from terrestrial Lidar data. This study used the multi
scanning approach and removes the occlusion effects as suggested by previous studies. An
individual tree point cloud was digitized because of problem in handling the large amount of
data. From the single tree cloud, slicing of tree at a particular ground height was done and
least square algorithm was applied to estimate stem diameter. The results for stem diameter
(R2=0.85 and RMSE= 5.35 cm) was satisfactory. The z coordinates difference of the tree
ground position and peak point gives the tree height and it was validated with the field data
with correlation parameters (R2= 0.69 and RMSE= 2.325m). This work analyzed the two
modelling approach for AGB assessment. Multi-linear regression method used the SAR based
scattering variables while Random forest modelling approach used the SAR and Lidar
parameters as input variables. The results from random forest modelling approach (R2= 0.63
and RMSE=27.68 t/ha) was found better than multiple linear regression approach (R2= 0.5
and RMSE=12.58 t/ha). It was found that helix scattering shows negative correlation with
biomass and volume and surface scattering were highly correlated with each other. The results
concluded that the integration of Lidar and SAR variables improves the accuracy. Diameter
and volume scattering were the sensitive parameters for AGB assessment. This study also
suggested to do more research on other forest parameters like basal area and stem volume,
crown gap and density using terrestrial laser scanner data.

Keywords: Aboveground Biomass, RISAT-1, Decomposition models, Terrestrial Laser
Scanner, Least square Analysis, Multi-Linear Regression model, Random Forest Model
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1.1

Introduction

Background

Forest can be defined as “A forest is a land area of more than 0.5 ha, with a tree canopy cover
of more than 10%, which is not primarily under agricultural or other specific non-forest land
use. In the case of young forests or regions where tree growth is climatically suppressed, the
trees should be capable of reaching a height of 5 m in-situ and of meeting the canopy cover
requirement.”(FAO, 1998). Around one-third of the Earth's surface is captured by forests and
records for significant carbon help in the protection of biological community in large scale.
Major disasters like floods, droughts etc. can be diminished to a more prominent degree with
the help of forests. Forest plays an important role in maintaining climate balance.
Forest Biomass can be defined as “Organic material both above-ground and below-ground,
and both living and dead, e.g., trees, crops, grasses, tree litter, roots etc.” (FRA, 2005). It is
also essential for carbon accounting, bioenergy feasibility studies and other analysis (Zhou &
Hemstrom, 2009). From the economic point of view, it is the renewable source of energy used
for many household and commercial purposes (Shelly, 2011). Forest biomass can be
categorized into aboveground and belowground biomass. Aboveground biomass (AGB) is
defined as all living matter above soil including branches, stem, leaves, seeds, etc.
Belowground biomass is defined as entire biomass of all live roots, although fine roots less
than 2 mm in diameter are excluded (Walker et al., 2011). Assessment of AGB tells about the
health of tree species and entire cover. Accurate mapping of biomass is equally important for
both the scientific community as well as the forest managers. Mapping activities are carried
out to extract forest inventory parameters like stem diameter, height, etc. with respect to their
age, species and annual increment.
Conventional methods are considered to be the most precise but time consuming, costly and
destructive in nature and their implementation is just conceivable over little and available
territories. Remote sensing is proved to be a more proficient tool in assessment and monitoring
of the forest inventory parameters like AGB (Kushwaha et al., 2014; Manna et al., 2014;
Yadav & Nandy, 2015), tree height, basal area, stem volume (SV) etc. Optical remote sensing
is used for mapping the tree species and retrieve forest variable on the basis of reflectance and
normalized index (Zhang et al., 2014). The optical sensors were unable to penetrate the clouds
in rainy weather and no information can be recorded. The availability of active sensors viz.
Radar (Henderson & Lewis, 1998) and Lidar (Shendryk et al., 2014) gaining the popularity
these days over the limitations of optical datasets.

1.2

Microwave Remote Sensing

Synthetic Aperture Radar (SAR) remote sensing is an active remote sensing technique. Unlike
optical sensors, microwave sensors do not depend on solar radiation. It has own source of
radiation and operated in 1mm-1m wavelength range of electromagnetic spectrum region. It
is capable of penetrating the clouds, precipitation and land surface cover depending on its
frequency (Tanase et al., 2014). For the most part, penetration increases with increase in
wavelength (decrease in frequency). In forest areas, the waves will penetrate through the
1
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trunk, leaves, branches and ground. SAR sensors are operated mainly in X, C, L and P bands.
Each of these bands has their own particular attributes in identifying with forest stand
parameters. The X band has shorter wavelength and scatter from the leaves and canopy
surface. This band is most suitable to extract information about surface layers of the trees.
While in C band, it can penetrate through leaves and scatter by branches. The L band rays
goes up to the ground surface layers and scattered from trunk and branches (Kurvonen et al.,
1999). The P band has the most penetration into the canopy cover and the major part of
P band backscattering is caused by tree stem and the stem-ground interaction.
The Radar backscattering received at sensor mainly depends on sensor and terrain parameters.
The sensor parameters are wavelength, look angle and polarization whereas the terrain
parameters are dielectric constant, surface roughness, terrain slope and feature orientation.
Polarization is an important parameter after wavelength. Polarization describes the orientation
of the electric field plane w.r.t perpendicular of its plane of propagation. It consists four
combination of polarization i.e. Horizontal transmitted horizontal received (HH), Horizontal
transmitted Vertical received (HV), Vertical transmitted horizontal received (VH), Vertical
transmitted vertical received (VV). On the basis of polarization, SAR data was divided into
three categories, single polarized, dual polarized and fully polarized. Data in single
polarization can acquire limited amount of information of the target whereas fully polarized
mode gives more valuable information (Sun, 2002). The amount of backscatter will depend
upon surface roughness. Smooth surface will scatter less because of specular refection like
roads and rough surface produces diffused reflection like dry soil, canopy etc. More the
roughness, more backscatter will be received. The moisture content (dielectric constant) of
the material is also one of the key parameter for backscatter power. High backscatter will be
received from high dielectric constant material. Water has the high dielectric constant
although very less amount of scatter was received because the specular reflection from water
was more dominant than the dielectric constant property. The backscatter is also affected with
the shape of associated material. In mountain regions, the slope of terrain will leads to
topographic distortions viz. foreshortening, layover and shadow. (CSSTEAP, 2011)
The polarimetric information of the target is stored in the form of scattering matrix. The
scattering information of the target will be extracted from the polarimetric decomposition
modelling techniques as described in literature review chapter. Many previous studies
(Garestier et al., 2009; Sandberg et al., 2011) investigated the PolSAR data for estimating the
forest biophysical parameters like AGB, Stem Volume, Basal area etc. Still, stem diameter
and tree height cannot be extracted from this data.

1.3

Terrestrial Lidar Remote Sensing for tree biophysical parameters
estimation

Space borne and airborne Lidar footprints can view the top only which gives no details of
stem diameter. So, ground based instruments are required to extract the details of tree stem
with high accuracy (Olofsson et al., 2014). Terrestrial Laser Scanner (TLS), a ground based
Lidar, has proved to be an efficient tool for biophysical parameters estimation (Moskal &
Zheng, 2012). The traditional based methods like digital hemisphere photographs (Englund
2
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et al., 2000) and range finders (Asner et al., 2006) were not able to capture the 3-D structural
information of a single tree. This technology is most successful data-acquisition technique
introduced in last decade (Dubayah & Drake, 2000).
All laser scanners measures range and intensity of a terrain points hit by laser beam. The
distance was measured by recording the time difference between the incident and received
pulse. The wavelength mostly used by laser scanners is 1064nm, which is in infrared region
of EM spectrum. If the instrument is mounted on airborne platform, this technology is referred
as airborne laser scanning. This was mostly used for terrain mapping over large regions. When
sensor placed on moving car, van or boat, then it is called mobile laser scanning. This
technology was used for mapping roads and highways. If this instrument mounted on tripod
positioned over the ground, it is called TLS. There are mainly two types of TLS are available:
1. Phase shift based scanner
2. Time of flight scanner
In phase shift technology, sensor continuously emitted sine waveforms and the phase of
reflected part is recorded. The reflected phase is compared with phase of incoming wave and
then distance is calculated from the difference in phase shift e.g. Faro 3 D laser scanner. While
in time of flight scanners, the incident pulse is emitted and reflected back to the instrument
and the time of flight is recorded to the sensor. The distance is calculated by multiplying this
flight time by the speed of light e.g. Riegl VZ-400 (Fröhlich & Mettenleiter, 2004; Carr,
2013). Currently all commercial TLS scanners, have the ability to measure within the range
of 360° in horizontal direction (Lemmens, 2004). The vertical field of view (FOV) of the
scanner is also an important parameters for biophysical parameter extraction. The rotating
mirrors of Faro scanner can moved upto 320° vertically but Riegl scanner has vertical FOV
limited to 100°. Due to this limitation, Riegl scanner is not useful for the individual crown
coverage in dense forest areas.
Three dimensional modelling aimed at capturing all geometrical objects, both the exterior and
interior and representing these features with high resolution meshes for accurate
documentation and photo-realistic visualization (Naesset, 1997). In dense forest areas, some
trees are behind the other trees in the direction of beam are missed in single type scan. This is
called occlusion effect (Brolly & Kirally, 2009). Previous study (Liang, 2013) suggested to
use multi-scanning approach to remove occlusion effects. TLS based Lidar proved to be
effective technique to measure forestry inventory parameters like stem diameter and tree
height (Simonse et al., 2003).

1.4

Motivation and Problem Statement

It is necessary to assess AGB to determine the health of forest, greenhouse effect and climate
change studies. The traditional based methods are time consuming, expensive, laborious and
accessible over limited areas. These methods are based on empirical equations developed by
forest agencies for every species. Most of the equations (FSI, 1996) are developed for stem
volume and biomass estimation are based on Diameter at breast height (DBH), because high
3
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uncertainty occurs in tree height estimation. Now a days, with the help of highly accurate and
precise equipment’s (TLS), it becomes easy to measure stem diameter and tree height
accurately.
Previous studies used the semi-empirical models like water cloud model (WCM) (Poolla,
2013) and Michigan Microwave canopy scattering model (MIMICS) (Dobson et al., 1992).
These models were based on the SAR scattering parameters only and not utilizing the stem
diameter and tree height which are considered as essential parameters for biomass estimation.
Multi-linear regression (Mutanga et al., 2012) and Machine learning algorithms (Breiman,
1996 & Briem et al., 2002) have flexibility to use number of forest inventory parameters.
Multi-linear regression is a statistical approach and machine learning algorithm is an artificial
intelligence method which learns from the data. Different machine learning based regression
algorithms like bagging, boosting and Random Forest (RF) (Ok et al., 2012; Briem et al.,
2002) were studied for their accuracies in predicting biomass. Due to overfitting problem in
bagging (Breiman, 1996) and noise sensitivity in boosting, Random forest (Breiman, 2001) is
found more appropriate for this study. It uses classification and regression tree (CART)
approach to create a decision tree. A bunch of decision trees are constructed by the model.
The output from each tree is averaged through voting process. The advantage of this model is
that if the model generated some highly correlated trees randomly, the averaged output is not
affected because the number of decision trees are very large. In present study, Multi-linear
regression model was tested on SAR based scattering parameters and Random Forest
regression model analyzed on SAR as well as Lidar derived variables for AGB assessment.

1.5

Innovation

Innovation of this study aimed at SAR and Lidar based retrieval of variables for AGB
modelling using Random Forest regression model.

1.6

Research objectives

The main goal of the study was to estimate AGB and forest biophysical parameters like stem
diameter and tree height with the help of RISAT-1 quad pol data and terrestrial laser scanner
data. The estimation process includes the multi-linear regression and random forest regression
model.
1.6.1 Sub objectives
1. To calibrate RISAT-1 PolSAR scattering matrix for SAR based scattering variables.
2. Feasibility analysis of different Polarimetric decomposition models to retrieve
scattering variables for AGB estimation.
3. Extraction of stem diameter and tree height measurement using TLS Lidar data and
validation with in-situ measurements.
4. To estimate AGB using Multi-linear regression and Random Forests regression
models.
5. Analysis of sensitivity of variables for AGB.
4
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1.6.2 Research Questions
1. How to calibrate RISAT-1 data to generate SAR variables? (objective 1)
2. Which Polarimetric decomposition model gives reliable scattering information and
feasible for AGB estimation? (objective 2)
3. How to remove occlusion effects from 3-D point cloud data for stem diameter
extraction? (objective 3)
4. How many SAR and Lidar derived parameters will be used as input variables in
multi-linear regression and random forest regression model? (objective 4)
5. How much accuracy will be achieved through proposed model? (objective 4)
6. Which parameter is most sensitive for AGB prediction? (objective 5)

1.7

Structure of the thesis

This thesis described the Random forest regression modelling approach using SAR
backscatter and Lidar estimated variables for AGB estimation. The research objective and
questions are given in chapter 1. Chapter 2 is literature review of previous work for AGB
estimation using different remote sensing techniques and modelling approach. The study area
and data used for this study is described in Chapter 3. Chapter 4 described the methodology
of work and detailed explanation of processing of SAR and Lidar data and detailed description
of Random Forest Approach. The results obtained are discussed in chapter 5. Chapter 6
described the conclusion and future recommendation.
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2

Literature Review

Biomass can be estimated using destructive sampling technique (Kuyah et al., 2012), nondestructive sampling technique (Chave et al., 2005) and remote sensing techniques.
Destructive sampling technique includes cutting the trees into various components like
branches, stems and leaves depending on the requirement. This method is expanded to
estimate the biomass per unit area using appropriate biomass expansion factor. The accuracy
of this method is high but time consuming and expensive. Non-destructive sampling
technique uses different regression equations using the stem diameter and tree height to
calculate biomass. This technique is less time consuming and less expensive compared to
destructive sampling technique but not possible to cover large area. Here remote sensing
technique plays a very important role. It allows fast processing and cover large forest area.
Various types of datasets are used to extract biophysical parameters like stem diameter,
diameter at breast height, tree height for biomass estimation.

2.1

Biophysical parameters retrieval using optical datasets

Optical sensors work in the range of 0.4𝜇𝑚 – 2.5𝜇𝑚 including the visible and infrared range,
measures the reflected sun’s energy from the earth surface. It reacts to leaf reflectance, leaf
structure and water substance of vegetation. AGB is estimated w.r.t. NDVI, EVI, reflectance
and spectral responses. Muukkonen & Heiskanen (2005) estimated stem volume using
ASTER datasets. In this study, non-linear regression analysis and neural networks were
applied to develop models for predicting biomass according to stand wise ASTER reflectance.
Muukkonen & Heiskanen (2007) extended their previous work and applied model on MODIS
data to calculate stem volume. Lu (2005) used Landsat TM data and utilized the mixing of
spectral responses and texture to enhance the performance of AGB estimation. Another study
(Zhang et al., 2014) used the leaf area index parameter from Landsat thematic mapper sensor to
predict AGB. Estimation of biomass using optical dataset is not satisfactory. It is suitable for
simple forest stand structure such as secondary forest but does fit well for the complex stand
structure such as mature forest in moist tropical region. Due to the complexity of atmosphere,
different vegetation types and structures, the application of optical data is site dependent,
which means algorithm applied in one study area cannot be applied into other study area (Lu
et al., 2012). Forest inventory parameters like stem diameter, tree height is not possible to
retrieve through optical sensors.

2.2

SAR Remote Sensing

A fully polarimetric radar sensor irradiate with vertical and horizontal polarized radiation and
received both horizontally and vertically polarized wave and stored in the form of scattering
matrix. The scattering matrix is shown in equation (2.1).
[

𝐸ℎ𝑠
𝑆
] = [ 𝐻𝐻
𝑆𝑉𝐻
𝐸𝑣𝑠

𝑆𝐻𝑉 𝐸ℎ𝑖
][ ]
𝑆𝑉𝑉 𝐸𝑣𝑖

(2.1)
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The diagonal elements of the scattering matrix are co-polarized powers i.e. incident and
backscatter wave have same polarization and off diagonal elements are cross-polarized
powers i.e. incident and backscatter have different polarization.
The polarimetric information of the pure target or coherent target is extracted from the
scattering matrix. But the earth features are complex in nature called distributed targets. The
scattering matrix gives insufficient information of the distributed targets. Therefore, second
order matrix i.e. covariance matrix is utilized for this purpose. The scattering matrix is written
in the vector form called lexographic feature basis vector as shown in equation (2.2). This
vector assume the reciprocity condition in monostatic radar i.e. 𝑆𝐻𝑉 =𝑆𝑉𝐻 (CSSTEAP, 2011).
𝑆𝐻𝐻
𝐾𝐿 = [√2𝑆𝐻𝑉 ]
𝑆𝑉𝑉

(2.2)

𝐾𝐿 is the lexographic feature vector.
The covariance matrix is calculated by multiplying lexographic vector with its complex
conjugate transpose as display in equation (2.3).
∗
𝑆𝐻𝐻 𝑆𝐻𝐻
∗
𝐶 = 𝐾𝐿 . 𝐾𝐿∗𝑇 , [𝐶] = [ √2𝑆𝐻𝑉 𝑆𝐻𝐻
∗
𝑆𝑉𝑉 𝑆𝐻𝐻

∗
√2𝑆𝐻𝐻 𝑆𝐻𝑉
∗
2 𝑆𝐻𝑉 𝑆𝐻𝑉
∗
√2𝑆𝑉𝑉 𝑆𝐻𝑉

∗
𝑆𝐻𝐻 𝑆𝑉𝑉
∗ ]
√2𝑆𝐻𝑉 𝑆𝑉𝑉
∗
𝑆𝑉𝑉 𝑆𝑉𝑉

(2.3)

Where * represent the complex conjugate and T represent the transpose of the matrix.
The matrix can be represented in simplified form as shown below:
𝐶11
[𝐶] = [𝐶21
𝐶31

𝐶12
𝐶22
𝐶32

𝐶13
𝐶23 ]
𝐶33

2.2.1 Polarimetric Decomposition Modelling
The direct analysis of scattering matrix for the physical interpretation of target is a very
difficult task. The decomposition models were developed to extract the physical information.
They are categorised in two type’s i.e. coherent and incoherent decomposition models
(CSSTEAP, 2011). In coherent decomposition, scattering matrix is decomposed into
scattering mechanism from the pure or coherent targets. Human settlement structures comes
in the category of pure targets which gives completely polarized backscatter. The natural
targets (distributed targets) gives the complex scattering value which cannot be directly
analysed by scattering matrix. Therefore, incoherent decomposition models were developed
for such targets which utilized the second order covariance matrix. The purpose of incoherent
decomposition models to separate the covariance matrix as a combination of second order
7
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scattering descriptors which correspond to simpler objects and easy to physical interpretation
(CSSTEAP, 2011). The scattering models is explained in next section.
2.2.2 Scattering Models
2.2.2.1 Surface scattering Model
The first order Bragg’s scattering and odd bounce (single and triple) scattering was accounted
by this model. Fig 2.1 (B) shows surface scattering due to soil surface. The scattering matrix
for the surface scattering model is given by (2.4): (Freeman & Durden, 1998)

[𝑆𝑠 ] = [𝛽
0

0
],
1

Re (𝛽)>0

(2.4)

Here, 𝛽 is the HH to VV backscatter ratio. For first order Bragg’s scattering case,
𝛽=

𝑅ℎ
𝑅𝑣

,&

𝑅ℎ =

𝑐𝑜𝑠𝜃−√𝜖−𝑠𝑖𝑛2 𝜃
𝑐𝑜𝑠𝜃+√𝜖−𝑠𝑖𝑛2 𝜃

and 𝑅𝑣 =

(𝜖−1)[𝑠𝑖𝑛2 𝜃−𝜖(1+𝑠𝑖𝑛2 𝜃)]
𝜖 𝑐𝑜𝑠𝜃+√𝜖−𝑠𝑖𝑛2 𝜃

Where, 𝜃 is the incidence angle and 𝜖 is the dielectric constant of the surface. The covariance
matrix for the surface scattering is shown below.

𝐶𝑠𝑢𝑟𝑎𝑓𝑐𝑒

2.2.2.2

|𝛽|2
=[ 0
𝛽∗

0 𝛽
0 0 ]
0 1

Double-bounce scattering Model

This model accounts the scattering from the dihedral structure like ground-building wall and
ground-trunk interaction as shown in Fig 2.1 (A). The scattering matrix for double bounce
model was given by (2.5): (Freeman & Durden, 1998)
[𝑆𝑑 ] = [𝛼
0

0
] , Re (𝛼)< 0
1

(2.5)

𝑅⊥ 𝑅

Where 𝛼 = 𝑒 −𝑗2(𝛾ℎ −𝛾𝑣 ) 𝑅⊥ℎ 𝑅∥ℎ
𝑣 ∥𝑣

𝑅 ⊥ℎ and 𝑅 ⊥𝑣 are the horizontal and vertical Fresnel reflection coefficients of the ground
structure while 𝑅∥ℎ and 𝑅∥𝑣 are the coefficients for the vertical structure. The covariance
matrix is given by:

𝐶𝑑𝑜𝑢𝑏𝑙𝑒 𝑏𝑜𝑢𝑛𝑐𝑒

|𝛽|2
=[ 0
𝛽∗
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2.2.2.3

Volume Scattering Model

The volume scattering model is designed for the randomly oriented thin dipole scatters like
scattering from the tree canopy and branches as shown in Fig 2.1 (C). The scattering matrix
of the model is given by (2.6): (Freeman & Durden, 1998)
[𝑆𝑣 ] = [0 0] (𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙), [1 0] (ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙)
0 1
0 0

(2.6)

The covariance matrix is given by:
1 3
𝐶𝑣𝑜𝑙𝑢𝑚𝑒 = [ 0
8
1
2.2.2.4

0 1
2 0]
0 3

Helix scattering Model

The helix scattering is caused due to circular man-made structures like stadium or complicated
shapes. This scattering is more dominating in urban areas and can be found in forest areas as
shown in Fig 2.1 (D). This scattering generated circular polarization waves when linear
polarized wave is incident on it. (Yamaguchi et al., 2005)
The scattering matrix for right helix and left helix is given by (2.7):
1

[𝑆𝑟𝑖𝑔ℎ𝑡 ℎ𝑒𝑙𝑖𝑥 ] = 2 [

1
−𝑗

−𝑗
𝑗
1 1
] and [𝑆𝑙𝑒𝑓𝑡 ℎ𝑒𝑙𝑖𝑥 ] = 2 [
]
−1
𝑗 −1

(2.7)

The corresponding covariance matrix is given by:
1
𝐶𝑟𝑖𝑔ℎ𝑡 ℎ𝑒𝑙𝑖𝑥 =

1
[−𝑗√2
4

−1
2.2.2.5

𝑗√2
2
−𝑗√2

−1
1
−𝑗√2
1
𝑗√2] & 𝐶𝑙𝑒𝑓𝑡 ℎ𝑒𝑙𝑖𝑥 = 4 [𝑗√2
2
1
−1
𝑗√2

−1
−𝑗√2]
1

Wire scattering Model

In urban areas, due to different structures of buildings, it can be found that double bounce
scattering is caused by dihedral structure of the ground, whereas helix scattering occurs due
to complicated man-made structures. Scattering occurs due to window frames and sharp edges
exhibiting a new type of scattering called wired scattering. Wire scattering is a specific
scattering component which is linked with the cross-polarized powers. Fig 2.1 (E) shows the
wire scattering occur due to sharp edges of canopy layer. The scattering matrix for the wire
scattering model is given by (2.8): (Zhang et al., 2008)
𝛾
[𝑆𝑣 ] = [𝜌

𝜌
1]

(2.8)
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Where, 𝛾 is the ratio of (HH/VV) backscatter and 𝜌 is the ratio of (HV/VV) backscatter.
The covariance matrix is given by:
|𝛾|2
∗

𝐶𝑤𝑖𝑟𝑒 = [ √2𝛾 𝜌
𝛾∗

√2𝛾𝜌∗
2|𝜌|2
√2𝜌∗

𝛾
√2𝜌]
1

Figure 2.1 A- double bounce scattering from the ground –trunk interaction, B- surface scattering from the soil
surface, C- volume scattering from the canopy, D- helix scattering from the tree stem structures, E- wire
scattering from the sharp edges of the canopy layer

Modelling of AGB (Jochem et al., 2011; Mutanga et al., 2012; Adam et al., 2014) required
scattering parameters i.e. surface scattering, double bounce scattering and volume scattering
which allow direct estimation of the physical parameters. Different decomposition models
(Freeman & Durden, 1998; Lee & Pottier, 2009; Yamaguchi et al., 2005; Zhang et al., 2008;
Han & Shao, 2010) were proposed in previous studies to retrieve scattering mechanism.
Freeman & Durden (1998) developed an approach for above three scattering mechanism.
Surface scattering from a moderately rough surface, double scattering from a pair of
orthogonal surfaces with different dielectric constants and volume scattering from a cloud of
randomly oriented dipoles. Yamaguchi et al. (2005) extended the Freeman’s model with
introducing helix scattering mechanism in addition with above three. Helix scattering occurs
due to complex structure in urban areas. Zhang et al. (2008) proposed a new scattering
10
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mechanism viz. wire scattering which occur due to sharp edges and window frames of the
buildings. Garestier et al. (2009) used Eigen vector based decomposition model to extract
scattering parameters.
From the previous studies (Garestier et al., 2009; Chowdhury et al., 2014), it can be perceived
that the backscatter value is strongly related to forest parameters viz. stem diameter, height,
and biomass. Santos et al., (2003) studied to find the relationship between the radar backscatter
and biomass values of primary and secondary succession. The radar sensors having C (4cm -8
cm), L (15cm -30 cm) and P (1m) bands are operated for extracting forest inventory parameters.
Dobson et al., (1992) experimented on C, L and P band SAR data and found the linear relationship
between backscatter and biomass. Garestier et al., (2009) justified that P-band has good
correlation between backscatter intensity and biomass, also shows good potential for tree
height estimation. A study related to comparison between the potential of L and P-band
backscatter intensity for biomass estimation was done by Sandberg et al. (2011). The
exponential relationship between backscattering coefficient and biomass with high coefficient
of determination shows the outstanding performance of C-band high resolution data (Inoue et
al., 2014).
Praks et al. (2007) validated the ground measured tree height with E-SAR (operating at L and
X band) and HUTSCAT (operating at X and C band). The study concluded the good
correlation in results from both instruments. Recently a new technique, PolInSAR (Kugler et
al., 2006) become more popular for tree height estimation. Interferometric coherence based
inversion of the random volume over ground (RVoG) scattering model using a novel inversion
technique was used.

2.3

Three Dimensional Modelling of Forest Structure using Terrestrial laser
scanner

Extraction of forest inventory parameters like stem diameter and tree height in a dense forest
is very difficult. Spaceborne and airborne Lidar footprints can view the top only which gives
very little information of tree structure. TLS showed its potential in previous studies (Olofsson
et al., 2014; Dassot et al., 2012; Moskal & Zheng, 2012) to measure DBH and tree height in
dense forest areas. The FOV of the scanner is also an important parameters for biophysical
parameter extraction. The rotating mirrors of Faro scanner can moved upto 320° vertically
but Riegl scanner has vertical FOV limited to 100°. Due to this limitation, Riegl scanner is
not useful for the individual crown coverage in dense forest areas.
Brolly & Kirally (2009) found that around 32 % trees are not covered in single type scanning
process due to occlusion effect. In multiple type scanning, TLS is placed at one position and
target reflectors are in other positions (Liang, 2013). At least four target reflectors are used
for better accuracy (Eysn et al., 2013). The purpose of using target reflectors was to register
all individual scans. RGB intensity values of each scan was recorded through the camera.
From the 3D dense point cloud data, tree height and stem diameter was measured.
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Holopainen et al. (2011) derived a stem curve using cubic smoothening spline function and
stem curve models developed by Laasasenaho (1982) from measured diameters using TLS.
One of the approach, Point Cloud Slicing algorithm based on 3-D voxel structure of point
cloud data used by Moskal & Zheng (2012) for estimating DBH, basal area and tree height.
Olofsson et al. (2014) developed a new modified RANSAC algorithm for the same purpose.
The advantage of this algorithm was noise reduction and obtained reliable estimates. Another
approach on voxel structure was applied by Cifuentes et al. (2014) was to estimate canopy
gap fraction using ray tracing algorithm. The author suggested to use phase based TLS data
for gap fraction.
To study the potential of TLS data, Dassot et al. (2012) measured the wood volume through
retro-engineering software using geometric fitting models and finally concluded that this
semi-automatic method is time consuming and need further improvement. Sarría et al. (2013)
compared the classic method of calculating crown volume with different methods using TLS
data. One of the method, viz. voxel discretization is examined more suitable for biomass
estimation although it does not prevent from occlusion effects. A semi-automatic method
called Local digital geometry and topology (LDGT) for TLS point cloud data was invented
by Pal (2008) to derive forest inventory parameters. Simonse et al. (2003) investigated the
Hough transform technique to derive DBH. Kretschmer et al. (2013) used a new approach to
assess and measure bark characteristics using TLS data. The geometric properties of bark
scars were assessed through a method using intensity data.

2.4

Modelling Approach for AGB Estimation

Previous studies used semi-empirical model, numerical models, forward models and machine
learning based models for AGB estimation. Some of them are described below:
2.4.1 Semi-Empirical Model
Jochem et al. (2011) used semi-empirical model for biomass estimation using Lidar data. They
assumed the linear relationship between canopy volume and AGB. The mathematical
statement for AGB is shown in equation (2.9).
𝐴𝐺𝐵 = 104 ∑𝑚
𝑖=1 𝛽𝑖 ∗ 𝑉𝑐𝑎𝑛,𝑖
With, 𝑉𝑐𝑎𝑛,𝑖 =

𝐴∗𝑝𝑓𝑒,𝑖 ∗𝑐ℎ𝑚𝑒𝑎𝑛,𝑖
𝐴

(2.9)
= 𝑝𝑓𝑒,𝑖 ∗ 𝑐ℎ𝑚𝑒𝑎𝑛,𝑖

Where, 𝑖 = 1,2,3 … . 𝑚, 𝑚 - no of canopy height classes, 𝑉𝑐𝑎𝑛,𝑖 - canopy volume, 𝑐ℎ𝑚𝑒𝑎𝑛,𝑖 is
the mean canopy height of all first echoes within the corresponding canopy height class, 𝛽𝑖
are the unknown model coefficients estimated with a least squares approach, 𝐴 is circular
reference area, 𝑝𝑓𝑒,𝑖 is the relative proportion of first echo points, whose height fall within
canopy class 𝑖.
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Poolla (2013) used the water cloud model to predict AGB developed by Attemma & Ulaby
(1978). The model expect that vegetation acts like a homogenous medium like a water cloud
loaded with water droplets over a flat plane which is demonstrated as ground and the
disseminating components contained in water cloud as water droplets.
The incoming backscatter from ground and vegetation is described shown in equation (2.10).
𝑜
𝑜
𝑜
𝜎𝑓𝑜𝑟𝑒𝑠𝑡
= 𝜎𝑣𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛
+ 𝜎𝑔𝑟𝑜𝑢𝑛𝑑
𝑇𝑡𝑟𝑒𝑒

(2.10)

Where,
𝑜
𝜎𝑓𝑜𝑟𝑒𝑠𝑡
= 𝐵𝑎𝑐𝑘𝑠𝑐𝑎𝑡𝑡𝑒𝑟 𝑓𝑟𝑜𝑚 𝑓𝑜𝑟𝑒𝑠𝑡 𝑟𝑒𝑔𝑖𝑜𝑛,
𝑜
𝜎𝑣𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛
= 𝑏𝑎𝑐𝑘𝑠𝑐𝑎𝑡𝑡𝑒𝑟 𝑓𝑟𝑜𝑚 𝑣𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛
𝑜
𝜎𝑔𝑟𝑜𝑢𝑛𝑑
= 𝑏𝑎𝑐𝑘𝑠𝑐𝑎𝑡𝑡𝑒𝑟 𝑓𝑟𝑜𝑚 𝑔𝑟𝑜𝑢𝑛𝑑, 𝑇𝑡𝑟𝑒𝑒 = 𝑡𝑤𝑜 𝑤𝑎𝑦 𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑣𝑖𝑡𝑦

Another similar model concentrated around the radiative exchange hypothesis for
consolidating the canopy gaps in the canopy was created explained in equation (2.11).
𝑜
𝑜
𝑜
𝑜
(1 − 𝑇𝑡𝑟𝑒𝑒 )]
𝜎𝑓𝑜𝑟𝑒𝑠𝑡
= (1 − 𝜂)𝜎𝑔𝑟𝑜𝑢𝑛𝑑
+ 𝜂[𝜎𝑔𝑟𝑜𝑢𝑛𝑑
𝑇𝑡𝑟𝑒𝑒 + 𝜎𝑣𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛

(2.11)

Here, 𝜂- area fill factor
2.4.2 Machine learning based model
Previously explained models for biomass estimation is not suitable for multiple species and
not sensitive to varying input variables which leads to high inaccuracies. Artificial Neural
Network (ANN) (Wang & Dong, 1997), support vector machine (SVM) (Guo et al., 2012)
and random forest (RF) algorithm (Mutanga et al., 2012; Adam et al., 2014) are machine
learning based models which were used in previous studies to predict AGB. The capacity of
ANN and SVM have been seen in numerous works, however the processing time of them is
high and noise is not expelled from the information. Breiman presented Bagging (Breiman,
1996) and Boosting based on ensemble classification method which is basically the
combination of multi-classifier and gave their results through a voting methodology. Boosting
is focused around the re-iterative training of weights of uncorrected characterized training
samples yet it is extremely sensitive to little changes in information signal and not able to deal
with noise information though bagging uses resampling method for designing the number of
trees. Random forest algorithm (Breiman, 2001) is extended version of Bagging such that
arbitrary choice of variables is added to it. Randomly samples drawn from data and random
choice of variables make more efficient than other algorithm. The importance of variable can
be easily predicted.
Mutanga et al. (2012) described relationship between NDVIs and wetland vegetation biomass
and determined the rank of variables using RF algorithm. This model is better than numerous
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tree-based models in light of the fact that it is not delicate to noise and is not subject to
overfitting. Overfitting happens when a model starts to memorize information instead of
figuring out how to sum up from the watched pattern in the preparation information. A notable
advantage of RF algorithm than others is very low correlation among decision trees. Zhao et
al. (2011) compared the potential of SVM and Gaussian Process (GP) models in predicting
forest inventories using Lidar variables. Adam et al. (2014) used the random forest algorithm
for predicting the papyrus (Cyperus papyrus) AGB and found the high accuracy in wetland
areas.
Gleason et al. (2012) compared the linear mixed-effects (LME), RF, SVR and Cubist
regression technique for biomass estimation at tree as well as plot level. Results demonstrated
that accuracy enhanced while estimating at plot level and SVR provided the most precise
biomass model. Gutierrez et al. (2014) did the comparative study using machine learning
based regression methods on Lidar data. The author concluded that SVR shows outstanding
performance compared to rest of the techniques. However, results from RF cannot be
negotiated and suggested to do further investigation.
Liu et al. (2014) investigated a methodology to estimate nutrient fertility in coastal waters
through the fusion of SAR and optical variables using random forest algorithm. Results of
this study suggested that the accuracy improved using the fusion of multiple sensor data rather
than alone. Yu et al. (2011) predicted the tree height, DBH, stem volume from airborne laser
data using the random forests approach. Coefficient of determination (R2) were observed i.e.
0.93, 0.79 and 0.87 respectively. Results concluded that this method is fit for giving a stable
and predictable solution for determining individual tree parameters. Neumann et al. (2011)
used the linear regression, SVR and RF algorithm on PolInSAR data for predicting AGB.
Linear Regression showed good results and reasonable results were observed with SVR and
RF. The author suggested to do further investigation on random forest algorithm.
2.4.3 Random Forest Regression Model
A forest in nature is comprised of numerous trees and that was the idea behind a random forest
model. It is a tree-based model where large number of decision trees were built on the training
samples also called as bootstrap samples. Bootstrap samples means the samples with
replacement. Two-third of the sample from the original dataset were called as bootstrap
sample and one-third were called as out-of-bag samples. The training of model was done
through bootstrap samples and classification and regression trees (CART) were created. The
splitting of each tree was based on Gini Index criteria. It uses the random subset of input
variables at each node and output from multiple trees were averaged to produce one single
prediction. (Breiman, 2001). The detailed explanation of Decision Trees is given below:
2.4.4 Decision Trees
Decision trees are the decision supporter which utilizes a tree like diagram of decisions and
their conceivable results. It creates hierarchical structure type flow chart which consists of
nodes and a set of decisions to be made based on that node. It is widely used and practically
14
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method for inductive inference and important tool in machine learning and predictive analysis.
Decision trees are categorized as classification or regression trees based on the characteristics
of data. If the data is categorical, trees were constructed as classification trees and if datasets
is continuous in nature, constructed trees were called as regression trees (Fayyad & Irani,
1992; Lewis, 1992).

Figure 2.2 Graphical view of Decision Tree

The graphical picture of decision tree is shown in Fig 2.2. Here, the parent node is having
cluster of data and splits into child mode based on the threshold of input variables. The child
nodes also further split into sub-nodes and this process continues. At the end, when all splits
are over and it gives results indicting 1, 2 or 3.
The splitting criteria is based on that measures the divergence between the probability
distributions of the target attribute’s values. This is called GINI index criteria. If the stopping
criteria is very rigid, it will generate small and under-fitted decision trees. On the other hand,
if stopping criteria is loosely fitted, then overfitting will occur. Breiman (1996) suggested a
pruning method. In this method, it first allows for a decision tree to first use a loose stopping
criteria and after the tree is grown, then it is cut back into a smaller tree by removing the subbranches that are not contributing to the generalization accuracy. One of the major application
of decision trees in Astronomy for filtering noise from Hubble space telescope images.
Advantages and disadvantages of Decision Trees:
1. They are simple to comprehend and simple to interpret and layman are also able to
understand decision tree model after a brief clarification.
2. The algorithm is robust to noise data and fit for learning consistent expression.
3. It would help to determine most exceedingly bad, best and expected qualities for
distinctive situations.

4.

Calculations get very complex particularly if many values are uncertain or many
outcomes are linked.
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3

Study Area and Materials

This chapter is divided into two sections. First section described the study area and second
section explained the required datasets for the study and in-situ measurement.

3.1

Study Area

Timli forest range was selected as study area. It comes under the Kalsi Soil and Water
Conservation Division, Uttarakhand, India. (Fig 3.1). The total area covered by the forest is
around 70 km2. It is located 45 km away from Dehradun city and lies under central latitude
and longitude 30.356322° N and 77.748123 °E respectively. The climate of the region is of
sub-tropical type. The types of forests found in this area are Moist Shivalik Sal Forest, Dry
Shivalik Sal Forest, Northern Dry mixed deciduous forest, Moist Bhabar Dun Sal Forest and
Dry Deciduous Scrubs (Champion & Seth, 1968).

Figure 3.1 Study Area
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3.2

Materials

This section provides the details of various data used for the study. First section consists
satellite data and second section consists in-situ measurement using Terrestrial Lidar.
3.2.1 Satellite Data
RISAT-1 fully polarimetric data of 13th February 2014 was used for the study. The format of
data was in SLC (Single look complex). The complex data was stored in real and imaginary
aperture channel. It means data have amplitude as well as phase information. RISAT-1 is a
first Indian SAR satellite launched on 26th April, 2012. The satellite carries a multi-mode SAR
payload in C-band. It provides multi resolution, multi-swath and multi polarized data. The
specification of data is shown in Table 1.
Table 1 Specifications of RISAT-1 SAR Satellite (Anonymous, 2014)

Frequency (C-band)

5.35 GHz

Date of Acquisition

13-Feb-2014

Incidence angle
Imaging Mode
Swath
Polarization
Slant Range Resolution
Central Latitude
Central Longitude
Orbit Direction

13.43275
FRS-2
25 km
Quad
9mx4m
30.447204
77.777469
Ascending

3.2.2 Terrestrial Laser Scanner
A ground based Laser instrument called Terrestrial Laser Scanner (TLS) (Fig 3.2) was used
for in-situ measurements of sample plots. This instrument is manufactured by Riegl Company
and VZ-400 model was for this study. The class 1 type laser was used and the wavelength lies
in near infrared region of electromagnetic spectrum. It has a beam divergence of 0.35 millirads
and an initial beam diameter of 0.007 m. The details of TLS specifications are shown in Table
2.
Table 2 Specification of Terrestrial Laser Scanner (Carr, 2013)

Range
Minimum Range
Measurement rate
Field of View
Accuracy
Precision

Up to 600m
1.5 m
122000 measurement per sec
100x360
5 mm
3 mm
17
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Laser Type
Laser Wavelength
Laser Beam Divergence
Weight

Class 1
Near Infrared
0.35 m rad
Approx. 9.6kg

Figure 3.2 Riegl VZ-400 Instrument (Carr, 2013)

3.2.3 In-situ Measurement
The in-situ measurements and TLS data acquisition of sample plots were taken in the month
of March 2015. A total of 14 sample plots of 0.1 hectare size (31.62m x31.62m) were taken
and DBH of individual trees were measured using measuring tape. The random sampling
method was used for sampling. The location of sampled plots were shown in Fig 3.3.
The volume was calculated using species specific volumetric equations developed by Forest
Survey of India (FSI, 1996). The volumetric equation for sal tree is given as follows (3.1):
𝑉𝑜𝑙𝑢𝑚𝑒 = 0.03805 − 0.77794 ∗ 𝐷 + 8.42051 ∗ 𝐷 2 + 5.91067 ∗ 𝐷3

(3.1)

The aboveground woody biomass was calculated as (3.2):
𝐴𝑏𝑜𝑣𝑒𝑔𝑟𝑜𝑢𝑛𝑑 𝑊𝑜𝑜𝑑𝑦 𝐵𝑖𝑜𝑚𝑎𝑠𝑠 = 𝑉𝑜𝑙𝑢𝑚𝑒 ∗ 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑔𝑟𝑎𝑣𝑖𝑡𝑦

(3.2)

The aboveground woody biomass was converted in to total AGB using the biomass expansion
factor (Haripriya, 2002).
𝐴𝐺𝐵 = 𝐴𝑏𝑜𝑣𝑒𝑔𝑟𝑜𝑢𝑛𝑑 𝑊𝑜𝑜𝑑𝑦 𝐵𝑖𝑜𝑚𝑎𝑠𝑠 ∗ 𝐵𝑖𝑜𝑚𝑎𝑠𝑠 𝑒𝑥𝑝𝑎𝑛𝑠𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟

(3.3)

For Sal trees, Specific gravity= 0.72 g/cc, Biomass expansion factor= 1.59. Using above
equations, field biomass was calculated and used as dependent variable for random forest
regression modelling.
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Figure 3.3 Plot Sampling location in RISAT-1 Image
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4

Methodology

To achieve the objectives of research work, methodology was divided into three parts (Fig
4.1). The first part includes radiometric calibration of RISAT-1 PolSAR data, covariance
matrix generation, various decomposition models to retrieve scattering variables (surface,
double bounce, volume, helix and wire scattering) and regression analysis between volume
scattering and field biomass. Second part consists basically processing of TLS Lidar data for
stem diameter and tree height estimation. In the end, multi-linear and random forest regression
algorithm is analyzed for predicting AGB. The above mentioned processes are explained in
later paragraphs.

Figure 4.1 Methodology
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4.1

Radiometric Calibration

The receiving backscatter value is related to physical property of the targets (CSSTEAP
2011). The complex pixel value in the SAR image represent the digital number (DN) and it
does not associate with the ground target backscatter value. Radiometric calibration converts
the pixel values in the SAR image to quantitative representation of backscatter coefficient
(𝜎 𝑜 ) (Anonymous, 2014; Kaasalainen et al., 2011). Backscatter coefficients are calculated by
normalizing the calculated backscatter by standard area and mathematically represents as
Radar cross section per unit area. If area is represented in slant range direction, it gives the
value of backscatter coefficient (𝛽 𝑜 ), if in ground range, expressed as (𝜎 𝑜 ) and if area in the
plane perpendicular to the slant range direction, then it estimates 𝛾 𝑜 coefficient (Small &
Meier, 2013).
The equation (4.1) was used for calibration of RISAT-1 data as shown below. (Anonymous,
2014)
𝜎𝑜 =

𝐷𝑁∗𝑆𝑖𝑛(𝑖𝑝 )

(4.1)

𝑘
10

𝑆𝑖𝑛(𝑖𝑐 )∗𝑎𝑛𝑡𝑖𝑙𝑜𝑔10 ( )

Where,
𝜎𝑜 = 𝑏𝑎𝑐𝑘𝑠𝑐𝑎𝑡𝑡𝑒𝑟 𝑣𝑎𝑙𝑢𝑒, 𝐷𝑁 = 𝑑𝑖𝑔𝑖𝑡𝑎𝑙 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙, 𝑖𝑐 = 𝑐𝑒𝑛𝑡𝑟𝑎𝑙 𝑖𝑛𝑐𝑖𝑑𝑒𝑛𝑐𝑒 𝑎𝑛𝑔𝑙𝑒
𝑖𝑝 = 𝑖𝑛𝑐𝑖𝑑𝑒𝑛𝑐𝑒 𝑎𝑛𝑔𝑙𝑒 𝑎𝑡 𝑝𝑖𝑥𝑒𝑙 𝑝, 𝑘 = 𝑐𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝑖𝑛 𝑑𝐵

The above equation was applied on RISAT-1 data and Fig 4.2 shows the RISAT-1 HH
polarized image before and after radiometric calibration. The calibrated image gives the
backscattering coefficient value.

Figure 4.2 RISAT-1 HH image (i) before calibration (ii) after calibration
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4.2

Multilooking

SAR sensor is side looking and data is captured in slant range direction. The resulting pixels
are rectangular in shape. To analyze the ground targets, ground range pixels are required.
Multilooking process converts the slant range pixels into ground range pixels. The pixels
shape is changed from rectangular to square. This process required no of looks that can be
determined by using the mathematical equation as shown below (4.2). (CSSTEAP, 2011)
𝑟𝑎𝑛𝑔𝑒 𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛

𝑛𝑜 𝑜𝑓 𝑙𝑜𝑜𝑘𝑠 = 𝑎𝑧𝑖𝑚𝑢𝑡ℎ 𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛∗sin(α)

(4.2)

Here α is the incidence angle of image
This formula was implemented on RISAT-1 data. Range resolution, azimuth resolution and
incidence angle information were given in metadata file.
Range resolution= 4.68 m, Azimuth resolution= 10 m, Incidence angle= 13.43275 degree.
From the above formula, no of looks = 2. Fig 4.3 shown the RISAT-1 image before and after
multilooking.

Figure 4.3 Shown the image before and after Multilooking
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4.3

Polarimetric Decomposition Modelling

The SLC (single look complex) data was stored in scattering matrix format. The covariance
matrix was used for the extracting the information from natural targets (refer to 2.2). The
decomposition models decomposed the covariance matrix into various scattering mechanism
that can be physically interpreted.
This study used the 3-component model by Vanzyl (Lee & Pottier, 2009), 4-component model
by Yamaguchi (Yamaguchi et al., 2005) and 5-component model by Zhang (Zhang et al.,
2008). The purpose of using all three models will to check the feasibility of the model on
RISAT-1 for biomass modelling.
4.3.1 Types of Decomposition Models
4.3.1.1 Van-zyl Decomposition
The van-Zyl based decomposition is a type of 3-component decomposition modelling
approach based on Eigen values and Eigen vectors. It uses the 3x3 covariance [𝐶] matrix for
azimuthally symmetrical terrain. The model assumes that the correlation between the cross
polarization and co-polarized power is zero and holds the condition of reflection symmetry.
∗
∗
i.e. < 𝑆𝐻𝐻 𝑆𝐻𝑉
>≈< 𝑆𝑉𝑉 𝑆𝐻𝑉
>≈ 0. It means the effect of 𝐶12, 𝐶21, 𝐶23 and 𝐶32 components
can be ignored. This model is suitable to describe the polarimetric backscatter from natural
targets. It follows the corresponding averaged covariance matrix given by (Lee & Pottier,
2009). The 3x3 covariance matrix can be expressed as shown in equation (4.3)
[𝐶] = 𝑓𝑠 𝐶𝑠𝑢𝑟𝑓𝑎𝑐𝑒 + 𝑓𝑑 𝐶𝑑𝑜𝑢𝑏𝑙𝑒 𝑏𝑜𝑢𝑛𝑐𝑒 + 𝑓𝑣 𝐶𝑣𝑜𝑙𝑢𝑚𝑒

(4.3)

The detailed mathematical expression was explained in appendix 2. The Vanzyl decomposed
results of RISAT-1 data was shown in Fig 4.4.

Figure 4.4 Vanzyl decomposed results. Left side image is surface scattering, middle image is double bounce
scattering and last image is volume scattering
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4.3.1.2

Yamaguchi decomposition

Van Zyl’s 3-component decomposition technique is reliable for planar surface and the
correlation between the cross-pol and co-pol power is very less which can be ignored. But for
rough terrain surfaces, this correlation cannot be ignored. Yamaguchi proposed a model
without assumption of reflection symmetry condition and considered the effects of
∗
∗
< 𝑆𝐻𝐻 𝑆𝐻𝑉
≠ 0 > and < 𝑆𝑉𝑉 𝑆𝐻𝑉
≠ 0 > components taken into account. It is the extension
of 3-component modelling approach. In addition, a 4th component was introduced called Helix
scattering which occurs due to complex structures of targets. The decomposition is expressed
in equation shown below (4.4). (Han & shao, 2010; Yamaguchi et al., 2005)
[𝐶] = 𝑓𝑠 𝐶𝑠𝑢𝑟𝑓𝑎𝑐𝑒 + 𝑓𝑑 𝐶𝑑𝑜𝑢𝑏𝑙𝑒 𝑏𝑜𝑢𝑛𝑐𝑒 + 𝑓𝑣 𝐶𝑣𝑜𝑙𝑢𝑚𝑒 + 𝑓𝑐 𝐶ℎ𝑒𝑙𝑖𝑥

(4.4)

𝑓𝑠 , 𝑓𝑑 , 𝑓𝑣 and 𝑓𝑐 are the expansion coefficients.
This fourth component corresponds mostly in complex settlement areas like stadium structure
and complicated tree structures. The Yamaguchi decomposition results on RISAT-1 data was
shown in Fig 4.5 below.

Figure 4.5 Yamaguchi decomposition results. Starts from left image surface scattering, double bounce
scattering, volume scattering and helix scattering

4.3.1.3

Multi-component Decomposition

Zhang et al. (2008) proposed multi-component decomposition modelling approach consisting
five components including wire scattering. Wire scattering is a specific scattering component
which is linked with the cross-polarized powers. The decomposition is expressed in equation
(4.5).
[𝐶] = 𝑓𝑠 𝐶𝑠𝑢𝑟𝑓𝑎𝑐𝑒 + 𝑓𝑑 𝐶𝑑𝑜𝑢𝑏𝑙𝑒 𝑏𝑜𝑢𝑛𝑐𝑒 + 𝑓𝑣 𝐶𝑣𝑜𝑙𝑢𝑚𝑒 + 𝑓ℎ 𝐶ℎ𝑒𝑙𝑖𝑥 + 𝑓𝑤 𝐶𝑤𝑖𝑟𝑒
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|𝛽|2
= 𝑓𝑠 [ 0
𝛽∗

0
0
0

𝛽
|𝛼|2
0 ] + 𝑓𝑑 [ 0
1
𝛼∗
|𝛾|2
+ 𝑓𝑤 [ √2𝛾 ∗ 𝜌
𝛾∗

0
0
0

𝛼
𝑓𝑣 8
0 ]+ [0
15
2
1

√2𝛾𝜌∗
2|𝜌|2
√2𝜌∗

1
0 2
𝑓𝑐
4 0] + [ ∓𝑗√2
4
0 3
−1

±𝑗√2

−1

4

±𝑗√2]

∓𝑗√2

1

𝛾
√2𝜌]
1

Where𝑓𝑠 , 𝑓𝑑 , 𝑓𝑣 , 𝑓ℎ , 𝑓𝑤 are the coefficients.
By comparing the covariance elements, the coefficients can be expressed as:
1
4

< |𝑆𝐻𝐻 |2 > = 𝑓𝑠 |𝛽|2 + 𝑓𝑑 |𝛼|2 + 𝑓𝑣 + 𝑓ℎ + 𝑓𝑤 |𝛾|2 ),

(4.6)

1

< 𝑆𝑉𝑉 |2 >= 𝑓𝑠 + 𝑓𝑑 + 𝑓𝑣 + 4 𝑓ℎ + 𝑓𝑤
1
3

(4.7)

1
4

∗
< 𝑆𝐻𝐻 𝑆𝑉𝑉
>= 𝑓𝑠 𝛽 + 𝑓𝑑 𝛼 + 𝑓𝑣 − 𝑓ℎ + 𝑓𝑤 𝛾,
1

(4.8)

1

< |𝑆𝐻𝑉 |2 >= 3 𝑓𝑣 + 4 𝑓ℎ + 𝑓𝑤 |𝜌|2

(4.9)

1

∗
< 𝑆𝐻𝐻 𝑆𝐻𝑉
>= ±𝑗 4 𝑓ℎ + 𝑓𝑤 𝛾𝜌∗ ,

(4.10)

1

∗
< 𝑆𝐻𝑉 𝑆𝑉𝑉
>= ±𝑗 4 𝑓ℎ + 𝑓𝑤 𝜌

(4.11)

Helix scattering coefficient 𝑓ℎ and wire scattering coefficient 𝑓𝑤 can be calculated using the
equation (4.10) and (4.11) as shown below. (Zhang et al., 2008)
𝑓𝑤 =

∗
∗
<𝑆𝐻𝐻 𝑆𝐻𝑉
>−<𝑆𝐻𝑉 𝑆𝑉𝑉
>
∗
𝛾𝜌 −𝜌

(4.12)

∗
∗
𝑓ℎ = 2𝐼𝑚{< 𝑆𝐻𝐻 𝑆𝐻𝑉
> +< 𝑆𝐻𝑉 𝑆𝑉𝑉
> −𝑓𝑤 (𝛾𝜌∗ + 𝜌)}

The remaining coefficient can be calculated in the same manner using above mentioned
equations (4.7, 4.8 and 4.9). The scattering powers for double bounce, volume, odd bounce,
wire and helix scattering are shown below and the equation (4.13) shows the total power.
𝑃𝑠 = 𝑓𝑠 (1 + |𝛽|2 ),

𝑃𝑑 = 𝑓𝑑 (1 + |𝛼|2 ),

𝑃𝑣 = 8𝑓𝑣 /3,

𝑃ℎ = 𝑓ℎ ,

𝑃𝑤 = 𝑓𝑤 (1 + |𝛾|2 + 2|𝜌|2 ),
𝑃 = 𝑃𝑠 + 𝑃𝑑 + 𝑃𝑣 + 𝑃ℎ + 𝑃𝑤

(4.13)
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The multi-component decomposition equations shows the correlation behaviour between the
co-polarised powers and cross-polarised powers which is not observed in 3-component
decomposition modelling. The results of multi-component decomposition results on RISAT1 data is shown below Fig 4.6.

Figure 4.6 MCMS decomposition results. Start from the left image, surface scattering, double bounce scattering,
volume scattering, helix scattering and wire scattering

4.4

Feasibility Analysis of Polarimetric Decomposition Models

This section will check the suitability of polarimetric decomposition models for biomass
modelling approach. From the semi-empirical modelling approach (Jochem et al., 2011;
Poolla, 2013) the volume scattering is more contributing for biomass modelling and it was
found directly proportional to Biomass. A regression analysis will be conducted between field
collected Biomass and volume scattering computed from above decomposition models. The
result of this output decides which decomposition model parameters will be used for biomass
modelling.

4.5

TLS Lidar data Processing

Terrestrial Lidar data processing were done in three phases. First phase involves the data
acquisition. Second phase included the registration of individual scan and merging of point
cloud data and third phase estimated the stem diameter and tree height of an individual tree.
4.5.1 TLS Data Acquisition
TLS data acquisition of 14 sample plots were taken in the month of March 2015. The
geometry of each plot was square (31.6 m x 31.6 m) and area was 0.1 hectare (Fig 4.7). The
random sampling method was used for sampling. The workflow of data acquisition was
shown in Fig 4.8. After making the boundary of sample plot, the first step is to place the retroreflector targets within the plot. Then, TLS position was examined within or outside the plots
so that maximum coverage of the target is captured with minimum occlusion effect. The
positions were shown in geometry plot. In this study three scans were taken in such a way
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that at least 3 reflectors were seen from each position. The scanner was then started with a
panorama scan (360 horizontal) of the target along with digital photographs. The angular
resolution was selected as 0.03 degree in both horizontal and vertical direction. Around
40011334 points were returned from the target within 15 min 48 second time (refer to
appendix 1). These three scans were named as central scan, scan 1 and scan 2 as shown in Fig
15. The reflectors were act as control tie points. The next step was to do fine scan of control
tie points. It will scan only the reflectors with high dense cloud. This step is necessary for
registration of point cloud. After each scan, TLS was moved to next position and reflector
position remain same. The reflectance of the scanned material, visibility limitations due to
dust and topographic relief can affect the quality of the returned data. The quality of data was
accessed during registration.
The laser scanner was operated by RISCAN Pro software which comes along with the
instrument. In Riegl VZ-400 instrument, it has scanning range of 360 degree horizontal and
100 degree in vertical direction. The density of data was dependent on project requirement
and scan parameters (refer to appendix 1). The high resolution camera is mounted on top of
instrument captured intensity value of the target. The color intensity value was merged to the
reflectance image of the cloud. Fig 4.9 shows the reflectance image and same after merging
color intensity value to the cloud. Initially point cloud was assigned to the SOCS (Scanner
own coordinate system). The position and orientation of the scanner can be described by the
4x4 MSOP matrix (SOP means sensor’s orientation and position) in equation (4.14). The
matrix contains nine rotational parameters (r11 to r33) and three translation parameters (t1 to
t3).

𝑀𝑆𝑂𝑃

𝑟11
𝑟21
=[
𝑟31
0

𝑟12
𝑟22
𝑟32
0

𝑟13
𝑟23
𝑟33
0

𝑡1
𝑡2
]
𝑡3
1

(4.14)

Figure 4.7 Geometry of sample plots
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Figure 4.8 Workflow of TLS Data Acquisition in multiple scanning

Figure 4.9 left side image shown the reflectance image of a sampled plot and right side image display the point
cloud after assigning the color intensity

4.5.2 Point Cloud Registration
Initially the point cloud scans were unregistered. Multiple scans were registered on the basis
of common tie points. One scan position was selected as reference scan. Here, central scan
(Fig 4.10) was called as reference scan. With respect to central scan, scan 1 and scan 2 were
registered. Each scan has at least 4 to 5 common tie-points. The automatic registration process
was performed between two scans. This technique finds the common tie points between two
scans and data points are multiplied with the SOP matrix (𝑀𝑆𝑂𝑃 ) of the scan position. Then,
after registration process, the coordinated system has transferred from SOCS to PRCS (Project
Coordinate System) (for more details refer to appendix 1). Another technique named as
manual registration in which common tie-points have to be found manually. This process is
time consuming and not feasible for this study. In RISCAN PRO, this process was operated
in minimized error mode with 0.1 tolerance and minimum 6 common tie point (see results in
appendix 1). After the process was over, standard deviation of 0.0196 was achieved which
was less than 0.1 and acceptable. The registered scans were merged to each other and 3D
model (Fig 4.11) was generated.
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Figure 4.10 sampled plot scans captured from the different scan position and shadow was appeared behind the
trees due to occlusion effect

Figure 4.11 3D tree model generated after merged all scans. The disappear of shadow was indicated that
occlusion effect was removed
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4.5.3 Individual Tree extraction
The merged cloud of the plot consists large number of trees. Due to high dense cloud, the size
of data was very large and it was not easy to handle it. Processing of large amount of data
required high computation device and the time of processing was also very high. This study
extracted individual tree samples and processed separately. The format of data was a text file
with x, y, z coordinates. The 3D point cloud of an individual tree stem was in cylindrical
shape but not perfectly as shown in Fig 4.12. This irregular shape of cylinder does not provide
the accurate measurement of diameter. So, this cylindrical structure was cross-sectioned by a
section of plane at z=1 (Fig 4.12). The circle structure was cut and examined separately. It
consisted the set of x, y points and a circle was fit using least square method that was explained
in next section.

Figure 4.12 (i) irregular tree structure (ii) Cylinder cross-section at z=1 plane

4.6

Stem diameter Estimation using Least Square Circle Fit

The least square algorithm is based on minimize the sum of squared distances from the data
points to the fitting circle. For each point, there are two variables i.e. (x, y) coordinates of
point’s position. If the centre of the circle is at (a, b) and the position of a point is (x, y), then
from the Pythagoras theorem, the distance from the centre to the point is described in equation
(4.15) (Bullock, 2006):
√(𝑥 − 𝑎)2 + (𝑦 − 𝑏)2

(4.15)

But the aim of this algorithm is to find the distance from the fitted circle to the point. Since
the radius of circle is R, the distance from the perimeter to the point (along a straight line from
the centre to the point) is shown in equation (4.16). That is, the distance from the fitting circle
to the point is equal to the distance from the centre to the point minus the radius.
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√(𝑥 − 𝑎)2 + (𝑦 − 𝑏)2 − 𝑅

(4.16)

The distance will be positive or negative depending on whether the point is outside or inside
the circle, but this does not matter since the value is squared as part of the minimization
process. Hence, the minimization function is shown in equation (4.17). In this problem, the
two parameters i.e. centre (a, b) and Radius (R) has to be determined (Chernov & Lesort,
2005).
𝐹1 (𝑎, 𝑏, 𝑅) = ∑𝑛𝑖=1[(𝑥 − 𝑎)2 + (𝑦 − 𝑏)2 − 𝑅 2 ]2= ∑𝑛𝑖=1[𝑃(𝑥, 𝑦)2 ]
= [𝑥𝑖 2 + 𝑦𝑖 2 + 𝑎2 + 𝑏 2 − 2 ∗ 𝑥𝑖 ∗ 𝑎 − 2 ∗ 𝑦𝑖 ∗ 𝑏 − 𝑅 2 ]
= [𝑧𝑖 + 𝐵𝑥𝑖 + 𝐶𝑦𝑖 + 𝐷]

(4.17)

Where 𝑧𝑖 = 𝑥𝑖 2 + 𝑦𝑖 2 , 𝐵 = −2𝑎, 𝐶 = −2𝑏, 𝐷 = 𝑎2 + 𝑏 2 − 𝑅 2
The above described objective function is based on simple algebraic fit and fitting curve is
described by an implicit polynomial function 𝑃(𝑥, 𝑦) = 0 (equation 4.18) and the coefficients
of polynomial function gives the parameters of curve.
Another method called gradient weighted algebraic fit (GRAF), which is based on minimizing
objective function 𝐹 as shown in equation 5.
[𝑃(𝑥 ,𝑦 )]2

𝐹 = ∑𝑛𝑖=1 ‖∇𝑃(𝑥𝑖 ,𝑦𝑖 )‖2
𝑖

(4.18)

𝑖

Here ∇𝑃(𝑥, 𝑦) is the gradient olf the function 𝑃(𝑥, 𝑦). In this method, the equation 4 is
modified, by multiplying a factor A as shown below in equation 4.24:
𝑃(𝑥, 𝑦) = [𝐴(𝑥 2 + 𝑦 2 ) + 𝐵𝑥 + 𝐶𝑦 + 𝐷]

(4.19)

It can be said that, the equation 6 can hold for simple algebraic fit under the constraint A=1.
Now, equation (4.19) is partially differentiating w.r.t 𝑥 and 𝑦 and the solution is shown in
equation (4.20). ∇𝑃(𝑥, 𝑦) = (2𝐴𝑥 + 𝐵, 2𝐴𝑦 + 𝐶)
‖∇𝑃(𝑥, 𝑦)‖2 = 4𝐴𝑧 2 + 4𝐴𝐵𝑥 + 4𝐴𝐶𝑦 + 𝐵2 + 𝐶 2
= 4𝐴(𝐴𝑧 + 𝐵𝑥 + 𝐶𝑦 + 𝐷) + 𝐵2 + 𝐶 2 − 4𝐴𝐷

(4.20)

Now, the objection function of GRAF reduced to the minimization:
𝐹 = ∑𝑛𝑖=1

[(𝐴𝑧𝑖 +𝐵𝑥𝑖 +𝐶𝑦𝑖 +𝐷)]2
4𝐴(𝐴𝑧𝑖 +𝐵𝑥𝑖 +𝐶𝑦𝑖 +𝐷)+𝐵2 +𝐶 2 −4𝐴𝐷

(4.21)
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4.6.1 Pratt’s Method for minimization
Pratt’s assumes that, if data points lie close to the circle, then 𝐴𝑧𝑖 + 𝐵𝑥𝑖 + 𝐶𝑦𝑖 + 𝐷 ≈ 0 and
proposed a new objective function (equation 4.22) who clearly describe its advantages over
the simple algebraic fit. (Pratt, 1987)
𝐹𝑝𝑟𝑎𝑡𝑡 = ∑𝑛𝑖=1

[(𝐴𝑧𝑖 +𝐵𝑥𝑖 +𝐶𝑦𝑖 +𝐷)]2
𝐵2 +𝐶 2 −4𝐴𝐷

(4.22)

Pratt minimizes the 𝐹𝑝𝑟𝑎𝑡𝑡 by using matrix method. The minimization is equivalent to
minimization of simpler function (equation 4) subject to the constraint such that 𝐵2 + 𝐶 2 −
4𝐴𝐷 = 1.
The numerator term of 𝐹𝑝𝑟𝑎𝑡𝑡 is written in matrix form as, 𝐹𝑛𝑢𝑚 = 𝑨𝑻 𝑴𝑨, where
𝑨 = (𝐴, 𝐵, 𝐶, 𝐷)𝑇 is the vector of parameters and 𝑴 is the matrix of moments as shown below
(equation 4.23).
𝑀𝑧𝑧
𝑀𝑥𝑧
𝑴=
𝑀𝑦𝑧
[ 𝑀𝑧

𝑀𝑥𝑧
𝑀𝑥𝑥
𝑀𝑥𝑦
𝑀𝑥

𝑀𝑦𝑧
𝑀𝑥𝑦
𝑀𝑦𝑦
𝑀𝑦

𝑀𝑧
𝑀𝑥
𝑀𝑦
𝑛]

(4.23)

Where,𝑀𝑥𝑥 = ∑ 𝑥 2 , 𝑀𝑦𝑦 = ∑ 𝑦 2 , 𝑀𝑥𝑦 = ∑ 𝑥𝑖 𝑦𝑖 etc.
An important point is to be noted that, 𝑴 is symmetric and positive semi-definite. The
constraint 𝐵2 + 𝐶 2 − 4𝐴𝐷 − 1 = 0 can be written as 𝑨𝑻 𝑩𝑨 − 𝟏 = 𝟎 and B matrix is
explained in equation (4.24).
Where
0
𝑩= [ 0
0
−2

0
1
0
1

0
0
1
0

−2
0]
0
0

(4.24)

Now introduce Lagrange method for minimizing, 𝐹𝑛𝑢𝑚 ,
𝐹(𝐴, 𝜂) = 𝑨𝑻 𝑴𝑨 − 𝜂(𝑨𝑻 𝑩𝑨 − 𝟏)

(4.25)

Differentiating equation (4.25) with respect to A gives,= 𝜂𝑩𝑨 , 𝜂 is the generalized eigen
value for the matrix pair (𝑴, 𝑩) and A is corresponding generalized eigenvector. The matrix
B is symmetric and has four Eigen values (1, 1, 2,-2). If M is positive definite, by Sylvester’s
law of inertia the generalized eigenvalue of matrix pair (𝑴, 𝑩) are all real and exactly three
of them are positive and one is negative. Now the function 𝐹𝑝𝑟𝑎𝑡𝑡 becomes, (equation 4.26)
𝐹𝑝𝑟𝑎𝑡𝑡 = 𝑨𝑻 𝑴𝑨 = 𝜂𝑨𝑻 𝑩𝑨 = 𝜂

(4.26)
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Hence the minimum of 𝐹𝑝𝑟𝑎𝑡𝑡 corresponds to smallest non-negative generalized eigenvalue.
Generalized Eigen pairs (𝜂, 𝑨) can be found by standard matrix methods. The computation
time of this method is quite high. An alternate solution to this problem is polynomial equation
(4.27) solved by newton’s method starting at 𝜂 = 0.
𝑄4 (𝜂) = det(𝑀 − 𝜂𝐵) = 0

(4.27)

Newton’s iteration are useful to converge to the smallest non-negative root, because
polynomial function 𝑄4 (𝜂) is decreasing and concave up between 0 and 𝜂∗
𝜂∗ = min{𝜂 ≥ 0: 𝑄4 (𝜂) = 0 }
This mathematical function was implemented in MATLAB. Due to variation of CBH with
height, this study measure the stem diameter at z=1 height from the ground. The set of (x, y)
points at z=1 was taken from TLS individual tree data.

4.7

Modelling Approach for AGB Estimation

This section explained the two models for AGB estimation. The first one is Multi-Linear
Regression Modelling approach and another is Random Forest Modelling approach. The input
parameters for the models was selected on the basis of results of feasibility analysis of
polarimetric decomposition models.
Here, Multi-linear regression modelling approach was developed only for SAR parameters to
study the potential of RISAT-1 data and another was machine learning based Random forest
regression model which used the integration of SAR and TLS Lidar estimated biophysical
parameters. The accuracy of both models were compared.

4.8

Multiple Linear Regression Modelling approach

Regression is the process in which variation of one variable is explained by the variation of
more number of variables. It is the statistical process used to establish the relationship among
variables. Variables can be categorized as independent and dependent variables. (Stein et al.,
2002). Equation (4.28) shows the generalized regression expression.
𝑌 = 𝑎𝑋1 + 𝑏𝑋2 + 𝑐𝑋3 + 𝑑𝑋4 + ⋯ + 𝑛𝑋𝑛

(4.28)

𝑋1 , 𝑋2 , 𝑋3 , 𝑋4 , … 𝑋𝑛 are the independent variables and Y is the dependent variable.
In this study, biomass was the dependent variable and SAR variables i.e. double bounce,
Volume, Surface and helix scattering were the independent variables. From the given
observations, two models were generated and the hypothesis tests was used for validating the
significance of coefficients.
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4.8.1 Regression model
4.8.1.1 Scatter Plot
Before developing the regression model, there was need to investigate how SAR variables
were related to each another. The scatter plot will represent the correlation. Fig 4.13 explained
the scatterplot of each variable.

Figure 4.13 show the correlation of each variable

4.8.1.2

Multi-Collinearity test between independent variables

Then multi-collinearity test will check how two independent variables are correlated with
each other. The correlation between each SAR variables viz. Double bounce, Volume, Surface
and Helix were checked and their statistical value were shown in Table 3.
Table 3 Describe the Correlation of each independent variable with respect to each other

Variable 1
Double Bounce
Double bounce
Double Bounce
Volume
Volume
Surface
4.8.1.3

Variable 2
Volume
Surface
Helix
Surface
Helix
Helix

Correlation
-0.099
0.2732
-0.0664
0.6227
-0.2886
0.0597

Hypothesis Test

This test check the significance of whole regression model. The statement of Hypothesis are:
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𝐻𝑜 = 𝛽1 = 𝛽2 = 𝛽3 = ⋯ = 𝛽𝑛 = 0 , 𝐻1 = 𝛽1 , 𝛽2 , 𝛽3 , 𝛽𝑛 ≠ 0
Here, 𝛽𝑘 are the coefficients of regression model. (Chatterjee & Hadi, 2006)
Test to find the significance of regression coefficients
F-test: this test checks the significance of regression coefficients. This test is not significant
if model has more than one variable.
T-test: this test encounters the significance of individual regression coefficients. (Dixon &
Massey, 1969)
F-Test
Step 1: Calculate the critical f-value.
It can be calculated by F-distribution or cumulative distribution function (CDF) as shown by
equation (4.29).
𝐹(𝛼, 𝑑1 , 𝑑2 ) = 𝐼

𝑑1 𝑥
𝑑1 𝑥+𝑑2

(𝑑1 /2, 𝑑2 /2)

(4.29)

Where I is the regularized lower incomplete beta function. 𝑑1 𝑎𝑛𝑑 𝑑2 are the degrees of
freedom and 𝛼 is the significance level. The formula is shown in equation (4.30).
𝐼𝑥 (𝑎, 𝑏) =

𝐵(𝑥,𝑎,𝑏)
𝐵(𝑎,𝑏)

(4.30)

Where the numerator is the lower incomplete beta function, and the denominator is the beta
function explained in equation (4.31) and (4.32).
𝑥

𝐵(𝑥, 𝑎, 𝑏) = ∫0 𝑡 𝑎−1 (1 − 𝑡)𝑏−1 𝑑𝑡

(4.31)

1

𝐵(𝑥, 𝑦) = ∫0 𝑡 𝑥−1 (1 − 𝑡)𝑦−1 𝑑𝑡

(4.32)

T-test
T-distribution cumulative distribution function
This formula in equation (4.33) is used for the calculation of critical t-values.
𝑡

𝑡+√𝑡 2 +𝑣

𝑣 𝑣

∫−∞ 𝑓(𝑢) 𝑑𝑢 = 𝐼 ( 2√𝑡 2 +𝑣 | 2 , 2)

(4.33)

Where, v is the degrees of freedom, t is the upper limit of integration, and I is the regularized
lower incomplete beta function.
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The t-values can be calculated as: 𝑡𝛽^ =
4.8.1.4

𝛽^
𝑠𝑡𝑑 𝑒𝑟𝑟𝑜𝑟(𝛽 ^ )

(4.34)

Variance Inflation Factor (VIF)

It was the measure of how much the variance of an estimated regression coefficient increases
if the coefficients are correlated. It was used an indicator of multi-collinearity (O’brien, 2007).

4.9

Random Forest Regression modelling approach for AGB Estimation

4.9.1 Random Forest Approach
In decision tree, only a single tree was constructed. If there is any small change in data, it can
adversely affect the structure of tree. To improve the performance of the tree, ensemble
methods like Random Forest where many trees were fit and predictions were aggregated
across the trees. This study has used the Random Forest approach.
Fig 4.14 explained the flow diagram of random forest algorithm. A total number of 14 samples
as original dataset were used in this study. Around 8 random samples (2/3rd data) were used
as training data to train the model and 6 samples (1/3rd data) were used as test data. From the
training data, 8 bootstrap samples were drawn. The bootstrap sample means sample with
replacement. From the bootstrap samples, large number of decision trees (ntree) i.e. 500,
1000, 1500, 2000 etc. were grown using CART algorithm. During the growing decision tree,
7

it took the random subset (𝑚𝑡𝑟𝑦 = 3 ~2) of predictors i.e. surface, double bounce, volume,
wire, helix, stem diameter, tree height for the splitting the each node. The splitting of node
was based on Gini index criteria. The two variables (mtry and ntree) need to be optimized for
accurate prediction. The same process (growing decision tree) is repeat again and again. The
optimization of variables was based on the minimization of out of bag error (RMSE)
calculated using the test data. The final output (biomass) was the average of output from each
tree.
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Figure 4.14 Random Forest Approach

4.10 Validation (Accuracy Assessment) and sensitivity analysis
The stem diameter estimated from TLS data was validated with the ground measurements.
The predicted biomass from the model was regression analyzed with the field biomass and
coefficient of determination and root mean square error was calculated for validating the
output of model. The sensitivity of variables was decided on the basis of ranking of variables.
The priority decides the order of sensitivity.
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5

Result and Discussion

The methodology was applied on RISAT-1 PolSAR data and TLS Lidar data. Their results
and analysis were described in this chapter.

5.1

Radiometric Calibration of RISAT-1 data

RISAT-1 FRS-2 data was radiometrically calibrated using mathematical equation as
described in equation 3.1. The effects due to atmospheric disturbances, bias due to antenna
aperture were removed. The statistical parameters were described in the frequency
distribution histogram plot (Fig 5.1). The {min, max} value before calibration is {-32766,
32767} represents the digital number of 16-bit radiometric data and after calibration is {17.634, 43.492} represented the normalized backscatter coefficient of the target. The scale of
data value was between 0 and 1. The purpose of radiometric calibration was to compare the
results of RISAT-1 with different sensors (Kaasalainen et al., 2011). This study does not
calculate calibration constant using field instruments. On the basis of given calibration
constant in RISAT-1 user guide, (Anonymous, 2014) RISAT-1 data is calibrated. The quality
of data assessment is not in the part of study. The calibrated image is required to generate the
PolSAR scattering matrix.

Figure 5.1 Histogram plot with statistical parameters (i) before calibration (ii) after calibration
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5.2

Scattering Parameters retrieval using Polarimetric Decomposition Model

In a single SAR resolution cell, different scattering mechanism like surface scattering (𝑃𝑆 ),
double bounce scattering (𝑃𝑑 ), volume scattering (𝑃𝑣 ), helix scattering (𝑃ℎ ) and wire scattering
(𝑃𝑤 ) was retrieved using polarimetric decomposition models. This study has tested Vanzyl
decomposition model (𝑉𝑚𝑜𝑑𝑒𝑙 ), Yamaguchi decomposition model (𝑌𝑚𝑜𝑑𝑒𝑙 ), and Multicomponent decomposition model (𝑀𝑚𝑜𝑑𝑒𝑙 ). Their results and analysis were described in next
paragraph.
𝑉𝑚𝑜𝑑𝑒𝑙 was applied on RISAT-1 PolSAR data and three scattering parameters viz. 𝑃𝑆 , 𝑃𝑑 and
𝑃𝑣 were retrieved. Fig 5.2 visualize these parameters in RGB color combination, where R
represent the 𝑃𝑑 , G represent the 𝑃𝑣 and B represent the 𝑃𝑆 . The features like water bridge,
mountains, riverbed, forest patch and human settlement were found in the image. The green
color in lower part of image representing volume scattering from the forested area. Violet
color portion in middle of image shows the river bed where surface and double bounce
scattering was predominant. The mountains and water bridge was clearly visible in Fig 5.3
and compared it with the google earth image. Black region indicates no scattering value
retrieved due to specular reflection from the water bridge. The high backscattering value in
upper portion of mountain regions was due to foreshortening effects and dark tone next to it
due to shadow regions of mountains slope where no scattering occurs.
𝑌𝑚𝑜𝑑𝑒𝑙 has successfully retrieved 𝑃ℎ (Yamaguchi et al., 2005) while 𝑀𝑚𝑜𝑑𝑒𝑙 (Zhang et al.,
2008) has retrieved 𝑃ℎ and 𝑃𝑤 in addition to above three parameters. Fig 5.4 analyzed the
helix and wire scattering from the forest patch of Timli region. The intermediate brightness
pixels in the images indicate the presence of helix and wire scattering from the tree.
Theoretically, helix scattering comes from the circular shape of the target (Yamaguchi et al.,
2005) and sharpness of target can cause wire scattering like window frames (Zhang et al.,
2008). It is found that the circular shape of tree stem can be the cause of helix scattering. The
sharpness of tree leaves in canopy layer can cause wire scattering. The RGB view of
decomposition results of 𝑌𝑚𝑜𝑑𝑒𝑙 and 𝑀𝑚𝑜𝑑𝑒𝑙 was shown in Fig 5.5.
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Figure 5.2 Vanzyl decomposed RGB image consisting surface, double bounce and volume scattering. The
features are identified as mountains, water bridge and river bed. The black box indicate the two subset which
were shown in Fig 22.

Figure 5.3 The subset of the mountain and water bridge was compared with the google earth image.
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Figure 5.4 compared the helix scattering and wire scattering in forest patch..The bright pixels in the image
shows the presence of helix and

Figure 5.5 The RGB image of Yamaguchi and Multi-component Decomposition

5.3

Feasibility Analysis of Decomposition Models

This section will check the suitability of decomposition models for biomass modelling
approach.
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5.3.1 Comparative study of volume scattering retrieved from decomposition models
The volume scattering retrieved in Timli region by 𝑉𝑚𝑜𝑑𝑒𝑙 , 𝑌𝑚𝑜𝑑𝑒𝑙 and 𝑀𝑚𝑜𝑑𝑒𝑙 (shown in
Fig 5.6) was compared in this section. The pixels brightness was high in 𝑌𝑚𝑜𝑑𝑒𝑙 and 𝑀𝑚𝑜𝑑𝑒𝑙
as compared to 𝑉𝑚𝑜𝑑𝑒𝑙 . It shows that the backscattering coefficient of volume scattering was
low in 𝑉𝑚𝑜𝑑𝑒𝑙 . The regression analysis was performed between field biomass and volume
scattering retrieved from above decomposition models. Fig 5.7 shows the trend of regression
line. The volume scattering was in linear relationship with field biomass. The high correlation
from 𝑀𝑚𝑜𝑑𝑒𝑙 i.e. R2= 0.17 and low correlation from 𝑉𝑚𝑜𝑑𝑒𝑙 i.e. R2= 0.06 was obtained. The
results was dependent on the volume scattering value and volume equation used by
decomposition model. The volume scattering from 𝑉𝑚𝑜𝑑𝑒𝑙 become saturated at 0.11 and
uniform distribution was observed between volume scattering from 𝑀𝑚𝑜𝑑𝑒𝑙 and field
biomass. The correlation results from 𝑌𝑚𝑜𝑑𝑒𝑙 i.e. R2= 0.16 was similar with 𝑀𝑚𝑜𝑑𝑒𝑙 and higher
than the 𝑉𝑚𝑜𝑑𝑒𝑙 . The regression results show that 𝑌𝑚𝑜𝑑𝑒𝑙 and 𝑀𝑚𝑜𝑑𝑒𝑙 are feasible for biomass
modelling.

Figure 5.6 The Volume scattering power image retrieval from Vanzyl, Yamaguchi and Multi-component model
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Figure 5.7 Regression Analysis of Volume Scattering from Vanzyl, Yamaguchi and MCMS model with Field
Biomass. The linear equation and Coeff of Determination was shown. .

5.4

Terrestrial Lidar Data Results

TLS measures the distance of every target (tree) from the scanner position. It records the
reflectance value of the trees in the form of point cloud. This study has recorded the high
dense point cloud of the 0.1 hactare plot and highly detailed information of tree structure was
collected. The color intensity value of cloud was captured by the high resolution camera
during the scan and merged with the reflectance image. It was easy to recognize target
information from the true color value of the image. The target looks similar as in real life. The
tree leaves was appeared in green color and trunk was visible in light brown color which are
naturally similar. The shadow appeared behind the trees because of occlusion effect. This
effects was removed after merging the multiple scans during the registration process. The tree
shadow was disappeared up to large extent in merged cloud as shown in Fig 5.8. It has more
detailed 3D information as compared to single scan. The multiple scan method was found
better than single scan approach as suggested by (Liang, 2013; Eysn et al., 2013).

Figure 5.8 shadow appears in single scan called occlusion effect. This effect was removed after merging multiple
scans
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5.5

3D Visualization of an individual tree

Three dimensional structure of an individual SAL tree of plot no.1 is shown in Fig 5.9.
Approximately 90,000 responses (Lidar points) for a single tree were captured by the sensor.
Handling the large amount of data was also a major issue for computation. A small section of
tree stem from the individual tree was cut and represented as cylinder as shown in Fig 5.10
(a). The irregular shape of tree stem clearly indicated the variation of DBH at different height
levels. This study estimated the stem diameter at 1m height from the ground. The section of
tree stem was sliced at 1m height and circular point data was separated. Fig 5.10 b shows the
circular point cloud of the tree stem. A circle was best fit on this data to estimate the diameter
of the stem through least square circle fit method (as explained in previous chapter).

Figure 5.9 3D point cloud structure of an individual tree
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Figure 5.10 (a) a small section of tree stem showing variation of DBH with height (b) point cloud at z=1

5.6

Tree height Estimation and its validation

The tree height is the difference between the z-coordinates of the tree base position and the
highest point. The total number of 11 samples was selected for tree height estimation and
validation. Fig 5.11 depicted the 3D view of individual tree samples and the range of z values
which correspond to the tree height. The negative value of z indicates the laser scanner height
above the ground. It was observed that the scanner height varies with the tree samples because
of undulating terrain in Timli forest range. The measured height value was given in Table 4.
It was found similar height value as obtained in previous studies. For e.g. Singh (2014)
reported that average tree height of sal trees in Timli region was in range of 18-32m. The tree
height from TLS point cloud data was validated with the field data with accuracy parameters
(R2= 0.69 and RMSE= 2.325m) as shown in Fig 5.12. The low RMSE proves that the interest
in TLS is reliable in tree height estimation. There are many sources of error in measuring TLS
height in dense forest area. (1) The limited FOV of the scanner which cannot reach to the top
of tree crown. (2) top of crown can be shaded by its neighbouring tree.
Table 4 Estimated Tree height from TLS samples

Field
Height
(m)
TLS
Height
(m)

2
7
2
8

25.
79
7
30.
53
9

28.56 23.49 26.73 24.36 22.83 22.40 24.43 27.09 28.98
7
7
2
7
2
5
5
3
9
31.49 25.52 25.94 24.99 23.42 26.02 27.02 29.88 30.13
8
8
4
1
1
8
9
7
9
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Figure 5.11 3D diagram of an Individual tree samples and z indicated the tree height.
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Figure 5.12 Regression Analysis between TLS vs. Field Tree Height

5.7

Stem Diameter Validation Curve (TLS Vs Field Diameter)

The circular point cloud data of each trunk was best fitted with least square algorithm
(Pueschel et al., 2013) as explained above. A total of 105 samples of individual trees were
selected. Some samples were shown in Table 5. The stem diameter estimated from TLS data
was compared with field measurement and a regression analysis was performed. Fig 5.13
shows the high correlation i.e. R2=0.85 was observed between TLS and field measured
diameter. The RMSE error was around 5.35 cm.
The result of least square algorithm was compared with the modified RANSAC algorithm
with 14 cm RMSE (Olofsson et al., 2014) and point cloud slicing theorem with R2 =91.17,
RMSE=9.17cm (Moskal & Zheng, 2012). The overall accuracy of stem diameter estimates
using least square algorithm was lower than other methods used in previous studies. The major
reason of error in stem diameter measurement using TLS is incomplete circular point data of
tree stem because no return comes from the back portion of tree.
Table 5 TLS measurement samples compared with field measurement

Field
31.84 61.14 68.15 64.96 49.68 31.52 56.68 27.38
(DBH)
TLS
37.08 57.72 69.16 83.5 47.38 28.4 55.18 24.24
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Figure 5.13 Stem Diameter Validation Curve

5.8

Multi linear Regression Results

5.8.1 Regression Model 1
5.8.1.1 Scatter Plot
The results showed that biomass and volume has uniform increasing distribution and random
distribution was more in between biomass and helix scattering that makes no relation. The
high correlation distribution between volume scattering and surface scattering was visualized.
5.8.1.2

Regression Equation

The regression equation constructed by SAR variables is shown in equation (5.1).
𝑨𝑮𝑩^ = 𝟐𝟖𝟗. 𝟎𝟏𝟑 + 𝟏. 𝟗𝟎𝟕 ∗ 𝒅𝒃𝒍 + 𝟑𝟎. 𝟓𝟎𝟑 ∗ 𝑽𝒐𝒍 + 𝟏. 𝟔𝟕𝟕 ∗ 𝒔𝒖𝒓𝒇𝒂𝒄𝒆 − 𝟖𝟓. 𝟕𝟕𝟐 ∗ 𝒉𝒆𝒍𝒊𝒙

(5.1)
Table 6 Statistical parameters of regression model 1

Coefficients

Intercept

Slope
of
double
bounce

Slope
of
volume

Slope
of
surface

Slope
of
helix

RSquared

Residual
Standard
Error

289.013

1.907

30.503

1.677

85.772

0.5886

13.62

The statistical parameters in Table 6 was explained here. Intercept =289.13, it was the
estimated mean of biomass when all variables are zero. Slope of double bounce =1.907. It
indicates that an increase of 1 quantity in double bounce scattering, an increment of 1.907 in
biomass is done, without affecting another variables. Slope of volume=30.503. It indicates
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that an increment of 1 quantity in volume scattering cause an increment of 30.503 in biomass
without changing other variables. Similarly for other two variables. Multiple R-squared
=0.5886, it means 58% variation in biomass can be explained by the model and Residual
Standard error =13.62, gives an idea of how far observed biomass (Y) was from the predicted
biomass (Y^).
5.8.1.3

Multi-Collinearity Result

The correlation results show that volume and surface scattering were highly correlated with
each other. This is because C band radar cannot penetrate the tree leaves and surface scattering
was mostly occurred in dense forest area due to tree leaves. The volume scattering was also
occurred from the tree leaves and branches. The change in volume and double bounce
scattering value was not observed on biomass because the effect of volume scattering on
biomass adjusting for surface scattering and vice versa.
5.8.1.4

Hypothesis Test Results

F-Test
From the regression model 1: 𝑑1 = 4, 𝑑2 = 12 and 𝛼 = 0.1
Using the regression equation (4.34),

𝑓𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙 = 2.48

𝐹𝑠𝑡𝑎𝑠𝑡𝑖𝑠𝑡𝑖𝑐𝑠 =

𝑀𝑆𝑅
= 4.293
𝑀𝑆𝐸

For this model, 𝐹𝑠𝑡𝑎𝑡𝑎𝑠𝑡𝑖𝑐𝑠 > 𝑓𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙
It means null hypothesis is rejected. It was concluded that at least one of the coefficient out
of volume, double bounce, helix and surface was significant. This explanation was not
sufficient and need more investigation.
T-Test
The parameters are v= 12 and 𝛼 = 0.1,
Using the equation (4.38), The range of 𝑡𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙 lies between -1.782 to 1.782.
𝑡𝑣𝑜𝑙 = 1.058, 𝑡𝑑𝑏𝑙 = 0.78, 𝑡𝑠𝑢𝑟𝑓𝑎𝑐𝑒 = 1.527, 𝑡ℎ𝑒𝑙𝑖𝑥 = −1.022
𝑡𝑣𝑜𝑙 , 𝑡𝑠𝑢𝑟𝑓𝑎𝑐𝑒 , 𝑡𝑑𝑏𝑙 𝑎𝑛𝑑 𝑡ℎ𝑒𝑙𝑖𝑥 were lie in the range of t-critical values. The null hypothesis
cannot be rejected. The results concluded that, all regression coefficient of volume, surface,
double bounce and helix were not significant. This model has failed the hypothesis test and
not useful for biomass prediction.
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5.8.2 Regression Model 2
As, surface scattering and double bounce are highly correlated to each other and helix
scattering was having negatively slope with biomass. The surface and helix scattering were
removed from the model and the new regression model was generated between biomass,
volume and double bounce scattering.
5.8.2.1

Regression equation

The regression equation was constructed is shown in equation (5.2).
𝑨𝑮𝑩^ = 𝟐𝟕𝟕. 𝟒𝟔𝟓 + 𝟔𝟓. 𝟓𝟕𝟖 ∗ 𝒗𝒐𝒍 + 𝟑. 𝟖𝟑𝟑 ∗ 𝒅𝒃𝒍

(5.2)

The statistical description was explained in Table 7.
Table 7 describe the Statistical parameters of regression model 2

Intercept

Coefficients 277.465
5.8.2.2

Slope
Volume
65.578

of Slope
of R-Squared
Double
Bounce
3.833
0.50

Residual
Standard
Error
13.87

Multi-collinearity Result

The correlation between double bounce and volume scattering was -0.099. It will not affect
the regression equation.
5.8.2.3

Hypothesis Test

F-test
From the regression model 2, 𝑑1 = 2, 𝑑2 = 14 and 𝛼 = 0.1,
Using equation 4.34;

𝑓𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙 = 2.726
𝑀𝑆𝑅

From the regression coefficient, 𝐹𝑠𝑡𝑎𝑠𝑡𝑖𝑠𝑡𝑖𝑐𝑠 = 𝑀𝑆𝐸 = 7.057
Hence, 𝐹𝑠𝑡𝑎𝑡𝑎𝑠𝑡𝑖𝑐𝑠 > 𝑓𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙
It means null hypothesis is rejected. It was concluded that at least one of the coefficient out
of volume, double bounce was significant.
T-test
From the model, v= 14 and 𝛼 = 0.1, the range of 𝑡𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙 lies between -1.761 to 1.761.
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From the regression equation, t-values can be calculated as:
𝑡𝑣𝑜𝑙 = 3.471, 𝑡𝑑𝑏𝑙 = 1.774
5.8.2.4

Variance Inflation Factor (VIF)

Higher the value of VIF, greater was the degree of collinearity. If VIF>10, collinearity affect
the coefficients, they are poorly estimated. For this model, VIF of double bounce and volume
scattering was 1.009945 and 1.009945 respectively as shown in Table 8. These values are less
than 10 and acceptable. (O’brien, 2007)
Table 8 VIF (Variance Inflation Factor) for regression coefficients

VIF

5.9

Double-bounce Scattering

Volume Scattering

1.009945

1.009945

Random Forest Model Approach

5.9.1 Decision tree construction using RISAT-1 derived Variables and field Biomass
A decision tree was constructed using SAR derived variables viz. surface, double bounce,
volume, helix, wire scattering and field Biomass. The 1/2 part of dataset used as training and
remaining part as testing dataset. Biomass is the response variable and SAR parameters are
the independent variables used in splitting training dataset. Fig 5.14 shows the regression tree
and biomass was predicted at the end. At parent node, independent variable (double bounce)
provide threshold to dataset that split in to the child nodes and at the end, the result was
biomass. The splitting variable was chosen randomly. Trees are typically indexed by their
depth and classically decision tree methodology uses the cost-complexity parameter (𝐶𝑝 ) to
determine the least tree depth. Lowest 𝐶𝑝 value which guides us to the appropriate size. Here,
a tree size of 4 has lowest 𝐶𝑝 value. The decision tree is pruned according to low 𝐶𝑝 (Fig
5.15). The pruned tree has only 4 nodes while regression tree has 7 nodes at the end. It means
three branches are removed which are not contributing to generalization accuracy. A single
decision tree can be built rapidly from decision tree method and have simple interpretation.
There was a one disadvantage of decision tree that a little changes in data can drastically affect
the structure of tree and ultimately output was affected.
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Figure 5.14 Regression tree for Biomass

Figure 5.15 (i) Tree Size Vs MSE (to determine Cp) (ii) Pruned Tree for Biomass
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5.9.2 Variable importance (optimization)
This section optimized the numbers of decision trees (ntree) and subset of input variables
(mtry) on the basis of RMSE error. Fig 5.16 showed the variation of RMSE error w.r.t. mtry.
The minimum value of error i.e. 28.45 t/ha was achieved at mtry=2 that was highlighted with
the black arrow. It means two out of seven random subset of variables were used for splitting
each node of decision tree. According to permutation and combination theory, 21 possible
combinations were made. The ntree was also an important parameter for the model. More the
trees, less the error. Fig 5.17 explained the variation of RMSE error w.r.t. number of decision
trees. Here the min error was achieved at 5000 trees. It means that the 21 combination set of
variables were used to construct the 5000 trees. The results showed the optimum value of
variables are mtry=2 and ntree= 5000. After optimization, random forest model was run. The
output predicted was averaged to the output from decision trees. The output from correlating
trees was averaged and predictions were accurate.

Figure 5.16 shows the variation of RMSE error w.r.t subset of variables (mtry). The black arrow indicted the
minimum RMSE i.e. 28.45 was achieved at mtry=2.
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Figure 5.17 shows the RMSE variation on the basis of no of regression tree. Here, the min RMSE was achieved
i.e. 26.74 at ntree=5000.

5.10 Validation (multi-linear regression and Random Forest model)
The linear regression analysis was performed between predicted and field biomass for
validation. Fig 5.18 shows the curve between predicted biomass from multi-linear regression
model and field biomass. The results showed that the accuracy (R2=0.502 and RMSE= 12.58
t/ha) was achieved through this approach. There were many previous work carried out on
AGB assessment on various types of forest species using SAR remote sensing. The accuracy
of this model was compared with IWCM modelling approach used by Chandola (2014). The
work was carried out on sal trees (same as present study) in Barkot forest range and their
results had R2= 0.5 and RMSE= 62.73 t/ha. The correlation was same but differ in RMSE
value. The IWCM has fixed number of input variables. On the contrary, the multi-linear model
was flexible to use number of parameters. It depends on the relation of output with input
parameters. This study has not taken the helix and surface scattering because the helix
scattering is negative correlated with biomass and surface scattering was highly correlated
with volume scattering. These variable were not found suitable for the model.
Fig 5.19 shows the curve between predicted biomass from random forest regression model
and field biomass. The results show good correlation (R2= 0.63; RMSE= 27.68 t/ha) with the
field biomass. This correlation value is comparatively better than the values obtained from
multi-linear regression model with respect to field biomass. Thus, it may be resolved that for
better prediction of forest biomass, integration of Lidar and SAR data could be advantageous.
The advantage of using Random Forest model over multiple linear regression method is that
the former provides automatic procedure for selection of suitable input variables while in the
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latter technique, hypothesis tests are used for derivation of variable coefficients. Furthermore,
the latter method is time consuming and often fails for large number of variables.
The present study also revealed that Random Forest Model (R2= 0.63; RMSE= 27.68 t/ha) is
better correlated with field biomass than the IWCM model (R2= 0.5; RMSE= 62.73 t/ha) used
by Chandola (2014) for the same Sal forests of Doon valley; the cause of which may be
attributed to the difference in datasets used besides the difference in modelling approach. The
present study also focussed on the beneficial integration of PolSAR and Lidar data for better
biomass predictions in comparison to the lone PolInSAR data used by the latter.

Figure 5.18 Regression Curve Analysis between Field and Predicted Biomass by multi-linear regression model.
The accuracy parameters are R2=0.502 and RMSE= 12.58 t/ha

Figure 5.19 Regression analysis between predicted biomass and field biomass (Random Forest Model). The
results shows the R2=0.63 and RMSE= 27.68 t/ha
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5.11 Sensitivity Analysis of Input Variables
The random forest model has ranked the input variables. The IncNodePurity is a measure of
total decrease in node impurity which was the results from the splits over that variables,
averaged over all trees. Increase in IncNodePurity value, increases the sensitivity. Fig 5.20
depicted that diameter was the most sensitive and volume scattering was ranked next to it.
The importance of diameter was seen in empirical equation (FSI, 1996) which are based on
diameter only. Volume scattering was majorly contributed from the tree leaves and branches
and directly related with the biomass as described by semi-empirical models (Jochem et al.,
2011; Poolla, 2013). The advantage of this model was that it was more sensitive for the major
contributed parameters from two different methods of biomass assessment.

Figure 5.20 Ranking of input variables by random forest model
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6

Conclusion and Recommendation

The present study deals with the AGB assessment for SAL trees using RISAT-1 PolSAR and
TLS data in the dense forest area. The feasibility analysis of decomposition models helps to
check its suitability for biomass modelling. The Machine learning based Random forest
regression and multiple linear regression models were tested on the 14 sample plots and their
results were compared. The random selection of input variables in Random Forest Model is
beneficial for achieving high accuracy in AGB prediction. Least square circle fit algorithm
was successfully implemented for stem diameter extraction. The objectives of the study was
successfully achieved and conclude the study through answering the research questions.
1. How to calibrate RISAT-1 data to generate SAR variables? (objective 1)
The data format of this sensor was not supported by any open-source SAR supporting
software. With the help of ENVI band math, the calibration equation was successfully
implemented. The input parameters in the equation was given in the metadata file. The
histogram results shows that the value of normalized backscattering coefficient was in the
range of 0 to 1. The PolSAR scattering matrix was successfully generated.
2. Which Polarimetric decomposition model gives reliable scattering information and
feasible for AGB estimation? (objective 2)
The volume scattering and biomass regression curve analyzed the feasibility of decomposition
model. The correlation in 𝑀𝑚𝑜𝑑𝑒𝑙 and 𝑌𝑚𝑜𝑑𝑒𝑙 was higher than the 𝑉𝑚𝑜𝑑𝑒𝑙 . The former models
were found feasible for biomass modelling.
3. How to remove occlusion effect from 3-D point cloud data for stem diameter
extraction? (objective 3)
The 3D acquisition of sample plots were done through TLS. The single scan approach gives
the incomplete structure information of the tree because of the no returns comes from the back
portion of the tree. The multiple scans approach in present study has successfully removed
the occlusion effects. This work demonstrated the potential of Least Square Circle fit analysis
for retrieving stem diameter and this approach was successfully applied on individual tree
point cloud and stem diameter was successfully retrieved with high accuracy (R2= 0.8597 and
RMSE= 5.357 cm).
4. How many SAR and Lidar derived parameters will be used as independent
variables in Random Forest Regression Model? (objective 4)
In multi-linear regression model, SAR parameters i.e. surface, double bounce, volume and
helix scattering as independent variables. While, SAR parameters such as surface, double
bounce, volume, helix and wire scattering and Lidar derived parameters such as stem diameter
and tree height were used as independent variable in random forest regression model.
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5. How much accuracy will be achieved through proposed model? (objective 4)
Multiple linear regression approach was used to study the potential of RISAT-1 data for AGB
assessment. This approach developed two models i.e. Regression model 1 and Regression
model 2. The coefficients of model 1 has failed during the hypothesis test and model 2 has
successfully passed the test. The model 2 based regression equation was used to predict the
biomass and results showed the model has reasonable accuracy with (R2=0.502 and
RMSE=12.58 t/ha). Secondly, Random forest modelling approach has integrated the SAR and
Lidar biophysical parameters and results shows that the accuracy (R2 =0.63 and RMSE= 27.68
t/ha) has improved after the integration of SAR and Lidar parameters.
6. Which parameter is most sensitive for predicted AGB? (objective 5)
This was predicted on the basis of ranking of input variables. The results showed that diameter
was the most sensitive parameter for Random forest model approach and volume scattering
was the second most sensitive parameter. It concluded that the model was more sensitive for
the major contributed parameters (Diameter and Volume) from two different datasets.

6.1

Future Recommendation
1. The stem diameter was extracted at particular ground height but improvement can be
done at different height to increase the accuracy of a single estimate.
2. There are many commercial software available for the stem diameter estimation.
Scientific community are interested in automatic and semi-automatic method for
biophysical parameters estimation. This study tested the mathematical approach
based automatic method and suggested to do more research on other forest parameters
like basal area and stem volume, crown gap and density. The highly accurate
estimated forestry inventory parameters can be used in biomass estimation.
3. Due to availability of limited time, data acquisition was done only for 14 sampled
plots. This work recommend to increase the number of sampled plots for achieving
the high accuracy.
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Appendix 1
Scan Parameters
The detailed explanation of scan parameters (Carr & Douglas, 2013) was explained below.
1. Beam Divergence
The laser beam emits is in cylindrical shape. As it travels away from the scanner, the beam
begins to stretch as a cone and the diameter increases with distance (Fig 12). This is called
beam divergence. The Riegl VZ-400 instrument has a beam divergence of 0.35 mrad and an
initial beam diameter of 0.007 m. The spot size on the target depends upon beam divergence,
initial diameter and the distance travelled. The rate of beam widening is 3cm per 100m
distance. The wider the beam, low resolution data (low density) was recorded to the sensor.

Appendix Figure 1 explain the divergence of laser beam as distance increases from scanner

2. Spot Spacing
Spot spacing (angular resolution) is also an important parameter for high resolution data. With
increasing distance, spot spacing increases. So, angular resolution need to be reduced in order
to obtain high resolution scans at long ranges. The level of details depend upon the density of
spots (Fig 13). Angular resolution can be desired fit in both horizontal and vertical direction.
TLS point cloud are very dense, with the scanner collecting 10000 to 100000 points/second.
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Appendix Figure 2 with increasing distance, spacing between spots is increased shown in above two cases. (a)
Less step angle, high resolution image (b) greater step angle, less detail and low resolution image

3. Scan partitioning
In topographic terrains, scan contains varying ranges that affected the point density and
resolution. In order to achieve the same resolution and point density, the scan is divided into
several scans at different mean distance intervals as shown in Fig 14. The adjustment in
angular resolution is required as a function of mean distance. If scan partition is not done, the
extremes of the scan range “x1” and “x3” is either too dense or too sparse.

Appendix Figure 3 scan partitioning in the vertical field of view show sectioned range using different angular
resolution

.
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TLS Coordinate System
The data collected from a TLS can be assigned to any of three coordinate system. (Carr &
Douglas, 2013)

1. Scanner own coordinate system (SOCS): it is a set of coordinated related
to scanner’s position. The individual scan uses this coordinate system.
2. Project Coordinate System (PRCS): the set of coordinated assigned to
multiple scans merged using control tie points.
3. Global coordinate system (GLCS): GPS points are imported and point cloud
data is registered to create a georeferenced final product.

RISCAN PRO Results

Appendix Figure 4 Scan Parameters selected during scanning
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Appendix Figure 5 Registration process in RISCAN pro (i) show registration of scan 2 with respect to central
scan (ii) standard deviation and no of corresponding points
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Appendix 2
Van-Zyl Decomposition Model
The van-Zyl based decomposition is a type of 3-component decomposition modelling
approach based on Eigen values and Eigen vectors. It uses the 3x3 covariance [𝐶] matrix for
azimuthally symmetrical terrain. The model assumes that the correlation between the cross
polarization and co-polarized power is zero and holds the condition of reflection symmetry.
∗
∗
i.e. < 𝑆𝐻𝐻 𝑆𝐻𝑉
>≈< 𝑆𝑉𝑉 𝑆𝐻𝑉
>≈ 0. It means the effect of 𝐶12, 𝐶21, 𝐶23 and 𝐶32 components
can be ignored as shown in equation 4.6. This model is suitable to describe the polarimetric
backscatter from natural targets. It follows the corresponding averaged covariance matrix
given by (Lee and Pottier, 2009)
< |𝑆𝐻𝐻 |2 >
[𝐶] = [
0
∗
< 𝑆𝑉𝑉 𝑆𝐻𝐻
>

0
2

< 2|𝑆𝐻𝑉 | >
0

∗
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>
1
0
=
𝛼
]
[
0
2
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𝜂 0]
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(4.6)

With:
∗
𝛼 =< 𝑆𝐻𝐻 𝑆𝐻𝐻
>

∗
∗
𝜌 =< 𝑆𝐻𝐻 𝑆𝑉𝑉
>/< 𝑆𝐻𝐻 𝑆𝐻𝐻
>

∗
∗
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>
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∗
𝜇 =< 𝑆𝑉𝑉 𝑆𝑉𝑉
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>

The parameters 𝛼, 𝜌, 𝜂 and 𝜇 all depend on size, shape and electrical properties of the
scatterers, as well as their statistical angular distribution. The Eigen values are described by
using the corresponding parameters.
𝛼

𝛼

𝜆1 = 2 {1 + 𝜇 + √(1 − 𝜇)2 + 4|𝜌|2 }, 𝜆2 = 2 {1 + 𝜇 − √(1 − 𝜇)2 + 4|𝜌|2 , 𝜆3 = 𝛼𝜂
And the three corresponding eigenvectors are:

𝜇1 =
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√
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√
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1

0
𝜇3 = [1]
0

With Δ = (1 − 𝜇)2 + 4|𝜌|2
The 3x3 covariance matrix can be expressed as
∗𝑇
[𝐶] = ∑𝑖=3
𝑖=1 𝜆𝑖 𝜇𝑖 . 𝜇𝑖
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Where,
(𝜇−1+√Δ)2

∧1 = 𝜆1 [(𝜇−1+√Δ)2 +4|𝜌|2 ]

(𝜇−1−√Δ)2

2𝜌

2𝜌

𝛼 = 𝜇−1+√Δ, ∧2 = 𝜆2 [(𝜇−1−√Δ)2 +4|𝜌|2 ] 𝛼 = 𝜇−1+√Δ

∧3 = 𝜆3
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Terrestrial Lidar Field Plots
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Field Data
TLS
Plot
Plot 1
Plot 2
Plot 3
Plot 4
Plot 5
Plot 6
Plot 7
Plot 8
Plot 9
Plot 10
Plot 11
Plot 12
Plot 13
Plot 14

77

Lat

Long

Biomass (t/ha) Height(m)

30.36973
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30.3802
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22.04
27.26
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