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ABSTRACT  

Forest covers two-third of land cover and are considered most diversified form of ecosystem. Forests helps 

in preserving global carbon balance by acting as either carbon sink or source. The imbalance in carbon leads 

to climate change which is an exigent issue. Scrutinising the forest biomass is imperative in assessing the 

variation in climate because of the imbalance in carbon cycle. To quantify rapid change in forest biomass 

remote sensing techniques plays a crucial role. Previous research evaluated the potential of fully polarimetric 

data to monitor forest biomass. This work deals with the forest biomass estimation using FRS-1 mode of 

RISAT-1 and its comparison with the RADARSAT-2 fully polarimetric data and field measured biomass. 

The study was conducted in Sal dominating Barkot Forest. The research work intends to derive parameters 

from m-chi, m-alpha, m-delta and Yamaguchi decomposition techniques. The semi-empirical model is 

Extended Water Cloud Model (EWCM) is used to derive biomass with the parameters obtained from the 

decomposition techniques. The in-situ measurements were performed to estimate field biomass. In this 

context a comparative analysis was done between modelled biomass and field biomass. The 𝑅2 values for 

modelled biomass against field biomass with m-delta, m-alpha, m-delta and Yamaguchi decomposition came 

out to be 0.3977, 0.4677, 0.5127 and 0.4625 respectively. The accuracy assessment was done using Root 

Mean Square Error (RMSE) which was found to be 64.422 (𝑡 ℎ𝑎−1), 45.995 (𝑡 ℎ𝑎−1), 63.156 (𝑡 ℎ𝑎−1) and 

73.124 (𝑡 ℎ𝑎−1) corresponding to m-delta, m-alpha, m-delta and Yamaguchi decomposition techniques 

respectively. Significant correlation was found between the field biomass and the modelled biomass utilising 

m-chi decomposition. In addition, it was concluded that AGB estimation using Hybrid PolSAR data was 

viable than the AGB estimation using fully polarimetric data. 

Keywords: Hybrid PolSAR, Fully PolSAR, Aboveground Biomass, Extended Water Cloud Model 
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1. INTRODUCTION 

Forest is an area densely packed by vegetation which contains trees. Forests play an important role in life 

cycle of human beings. Land surface acquired by forest on this planet is nearly about 30% of the total land 

surface [1]. Forest also contributes to two third out of the total leaf area of land plants [2]. Environmental 

changes that lead to loss of species, climatic pattern change and deforestation occur due to change in forest 

cover [3]. They regularise the climatic system and have great influence on more than 50% biological diversity 

of the world and more than 1.5 billion people of the world are dependent on forest or forest yield either 

directly or indirectly [4]. For people in rural area the only source of energy is often fulfilled by burning wood. 

In Europe and North America, the prime source for heating used by 90 million people is wood energy 

obtained from forests. For fulfilling their needs like energy, shelter, employment and food, millions of 

people use these forest outputs. Chao informed that 20% of world population is dependent on forest. Forest 

and their yields directly and indirectly provide shelter to the world’s 18% population [5]. 

As continuously seen from the last three centuries due to enlargement of agricultural and urban land, more 

than half of the total forests in the world lost their identity. From the past decades, the rate of deforestation 

has decreased but in many parts it is still high. Advancement in technology and modernization affect the 

forest as the forest land is acquired by agricultural land, infrastructure development and cutting of trees for 

industrial and other purposes. So forest become under scourge today. Forest inventories are used to gather 

information about forest and its characteristics. This needs constant monitoring of the forests and its 

characteristics like biomass and stem volume due to its ever changing nature. Two techniques in-situ sampling 

and Remote Sensing are able to derive the changes in the forest. In-situ measurement is laborious and time 

consuming but more accurate. Conducting field inventory becomes complicated in the heterogeneous 

forest. 

Biomass is the total quantity of living organic matter above the ground, present in trees [2]. Santoro et al., 

in [6] defined biomass as the material of the plant that is being produced under the photosynthesis reaction. 

Biomass can also be defined as the volume contained by the forest habitat. Biomass can also be defined as 

weight of living plant per unit area. Biomass is grouped as Aboveground biomass (AGB) and Below Ground 

Biomass. Above ground biomass is that quantity of living organic matter of the trees which are present 

above the ground. AGB is the organic material contained by the living plant above ground excluding root 

[3]. So above ground biomass contain woods, leaves of trees, branches, shrubs and herbs which are growing 

above the ground. While below ground biomass is that weight of living plant which is present below the 

ground surface and it contains roots, tubers. 

Remote Sensing is preferable in forest monitoring and also in those areas which are inaccessible for field 

observation due to its high spatio-temporal resolution. Optical remote sensing is capable of providing 
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radiometric information about canopy or information about the leaf area index. Optical remote sensing has 

some limitation in detecting the forest structure under cloud or haze due to its shorter wavelength which 

cannot penetrate through cloud and haze. This limitation is overcome by Radar remote sensing due to its 

cloud penetrating capability. 

1.1. Radar Remote Sensing 

Radar is the abbreviation of Radio Detection and Ranging (Radar). During 1939-45, radar remote sensing 

came into existence and was used to assess the distance between objects such as ships and aircrafts at the 

time [7]. Radar is an active imaging microwave remote sensing which transmits its own signal in the form 

of electromagnetic wave. Sensors used in the radar remote sensing utilize wavelengths from 1 mm to 1 m. 

The three main functions of Radar are 

 Transmit own Radio signals towards a scene. 

 Receive backscattered energy from the scene. 

 Observes time delay (ranging) and strength (Detection) of the backscattered signals. 

Radar wavelengths are longer than wavelengths from optical region of the spectrum. This longer wavelength 

avail the radar waves to penetrate through cloud as well as partially forest canopy layers, soils and snow. 

Capability of radar remote sensing in context of vegetation or canopy cover [8] are as follows: 

 Ability to penetrate canopy thus offer volumetric information about AGB. 

 Sensitive to the water content present in the AGB. 

 Ability to penetrate cloud which offer cloud and haze free monitoring of forests. 

 Also provide multi-angular sensing to estimate AGB. 

Information regarding Earth’s surface as surface roughness, moisture (dielectric constant) and topography 

also provided by radar remote sensing as radar measures both amplitude and phase. In the context of target 

properties, amplitude rely on dielectric and structure properties while phase rely on the distance between 

target and sensor. The microwaves scattered from an object basically depends on emissivity and temperature 

of that object. Emissivity is related to the structure of that object and also content of moisture present in 

the object. So the scattering retrieved from the object primarily influenced by dielectric constant, texture 

and polarization. In the case of forest mapping and monitoring, vital role is played by structure of the canopy 

cover. Retrieved scattering from microwaves are sensitive to the structure and dielectric constant of the 

trees not for the chemical composition of leaves. A vegetation canopy constituted a complex, diverse volume 

that comprise components of different shapes, orientation and sizes. Individually retrieved scattering such 

as surface scattering, double bounce scattering and volume scattering from the target comprise of scattering 

from leaves of trees, trunks, branches and stems considered as components (Figure 1-1). 
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Figure 1-1: Surface, double bounce and volume scattering. 

 

Canopy cover in forests is generally dense and complex so, it can be modelled as volume constituted by 

randomly oriented objects [7].  Using active remote sensing with the help of microwaves for imaging mode 

generally advert as radar remote sensing. Synthetic Aperture Radar (SAR) is an application of radar remote 

sensing.  

Synthetic Aperture Radar (SAR) polarimetry is concerned with the utilization of polarimetry in the 

microwave region of the electromagnetic (EM) spectrum. Polarimetry refers to measure of polarization 

which is described as the orientation of the electric field vector in a plane perpendicular to the direction of 

propagation. SAR polarimetry deals with the information retrieval from different scatterers using 

polarization property of electromagnetic waves. This information from backscatter is in the form of 

scattering matrix and can be decomposed into covariance and coherency matrices to interpret distributed 

target which is generated using Pauli’s and lexicographic representation [9]. Polarimetric SAR systems have 

the capacity to separate the contributions of different scattering elements available in single SAR resolution 

cell. Most used scattering elements for forest studies are surface scattering, volume scattering and double 

bounce scattering; Incoherent decomposition model was introduced by Freeman and Durden [10] for the 

decomposition of these surface, volume and double bounce scattering from the targets. Polarization states 

for SAR are  single polarized, dual polarized, quad polarized and hybrid polarized described by the ellipticity 

(χ) and the orientation angle (Ψ) for polarization also called Polarization Orientation Angle (POA). POA is 

the angle between the major axis (a) of the polarization ellipse (purple coloured ellipse) (Figure 1-2) of the 

electromagnetic wave and the horizontal axis in azimuth direction of the moving platform [11]. Shift in 

orientation angle is brought about by terrain slope as a function of radar look angle and range slope. Shift 

in POA affects the identification of forest canopy cover. POA is one of the most important characteristics 
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of the electromagnetic wave which gets disturbed due to scattering from geometrical structures which are 

haphazardly oriented like forest cover, undulating surface and buildings [11]. 

 

Figure 1-2: Polarization Ellipse: major axis (a), minor axis (b), net electric field vector (E), horizontal or 
propagation axis (x), vertical axis (y) 

Hybrid polarimetry transmit circularly polarized wave (Figure 1-3) and receive two orthogonal mutually 

coherent polarization [12]. The wave is circularly transmitted linearly received (CTLR). The combination of 

transmit and receive is as: Right Circular Transmit and Horizontal Received (RH), Right Circular Transmit 

and Vertical Received (RV), Left Circular Transmit and Horizontal Received (LH) and Left Circular 

Transmit and Vertical Received (LV) [12] [13]. Another aspect of imaging modes of hybrid polarization is 

π/4 mode, the possibility of incorporating data into a polarimetric scattering model. These polarimetric 

scattering models under some conditions are able to generate the Pseudo-quad-pol information from dual 

pol mode data [13].In circularly transmitted wave the polarization orientation angle shift is zero as rotational 

symmetry is followed by circular polarized electromagnetic waves [14]. Polarization orientation angle shift 

affects the polarimetric radar signatures and shows overestimation of volume scattering and underestimation 

of double bounce scattering after decomposition of forest parameters like stem  volume and biomass and 

can be recover by deorientation [15] [16] [17].  
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Figure 1-3:  Circular Polarization 

1.2. Problem Statement and Motivation 

PolSAR has already proven its potential for the AGB estimation [18] [19] [20]. PolSAR systems have the 

capacity to separate the contributions of scattering element in a single SAR resolution cell. Scattering 

elements obtained from the resolution cell are surface, double bounce and volume scattering. Studies have 

shown volume scattering is an important parameter for forest biophysical characterisation [21]. It has been 

observed that random orientation of forest structure causes shift in orientation angle of polarization ellipse. 

POA changes due to scattering from geometrical structure of topographic slopes, oriented urban area and 

randomly oriented features like vegetation cover. POA shift affects the polarimetric radar signature and 

shows overestimation of volume scattering and underestimation of even bounce or double bounce 

scattering after decomposition [15] [22] [17]. In fully polarimetry and compact polarimetry, transmitted 

waves contains linear constituents which leads to ambiguities in double bounce scattering. Obtaining a 

decomposed coherency matrix after POA shift removal using deorientation is a long process. It involves 

generation of scattering matrix, coherency matrix from scattering matrix, calculating orientation angle from 

coherency matrix and then performing deorientation on the decomposed coherency matrix is a time 

consuming and tedious task. Solution to this problem is transmission of wave in circularly polarized manner 

which produces backscattering that is rotationally invariant. This rotational symmetry is followed by 

circularly polarized electromagnetic (EM) waves. Hybrid polarimetry (Hybrid Pol) has the advantage of 

circular transmit and linear receive (CTLR) nature of microwave [12], hence it is unaffected by POA shift. 

This provides us with a ripe opportunity to use Hybrid PolSAR data to identify contribution to total 

backscatter from different scatterers for the estimation of AGB using semi-empirical modelling approach. 



HYBRID POLARIMETRIC DECOMPOSITION FOR ABOVEGROUND BIOMASS ESTIMATION USING SEMI-

EMPIRICAL MODELLING 

Page | 6 

Aim of this research is retrieval of AGB from Hybrid PolSAR using semi-empirical modelling and validation 

of modelled AGB with field data as well as from fully PolSAR data. This study could be useful for the 

regular monitoring of forest where in-situ measurement is laborious and time consuming task.  

1.3. Research Identification 

The present study focuses to estimate the aboveground biomass and potential of Hybrid PolSAR 

decomposition modelling with the help of Hybrid PolSAR data of RISAT-1. The estimation process admits 

Extended Water Cloud Model (EWCM) for modelling of forest area. The Barkot forest range is selected to 

evaluate the strength of Hybrid PolSAR for Aboveground biomass.  

1.3.1. Main Objective 

The main objective of this research is to evaluate the potential of Hybrid PolSAR data for decomposition 

modelling and Aboveground Biomass estimation. 

1.3.2. Sub-Objectives  

 To retrieve the scattering element from Hybrid PolSAR data and fully polarimetric SAR data. 

 To compare the decomposition based modelled output for surface double bounce and volume 

scattering using fully polarimetric SAR and Hybrid PolSAR. 

 To estimate the AGB using semi-empirical modelling with Hybrid PolSAR and fully polarimetric 

SAR data. 

 To compare the semi-empirical modelled output with field data as well as with previous studies.  

1.4. Research Questions 

The following are the research questions identified from the research objectives for the proposed work: 

 What will be the significance of Stokes parameters for scattering element retrieval using Hybrid 

PolSAR data? 

 Which decomposition techniques can be used for retrieval of surface, double bounce, and volume 

scattering information using Hybrid PolSAR data? 

 How to retrieve semi-empirical modelling parameters from Hybrid PolSAR data for AGB 

estimation? 

 To what extent the scattering information retrieved from Hybrid PolSAR differ from fully PolSAR? 

 How viable is the Hybrid PolSAR techniques for the estimation of AGB in comparison to the 

results obtained from fully PolSAR based AGB estimation and field data? 
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1.5. Innovation Aimed At 

The key innovation of the current research is at hybrid polarimetry based semi-empirical modelling for forest 

aboveground biomass using Radar Imaging Satellite-1 (RISAT-1) sensor. 

1.6. Structure of  the thesis 

This thesis describes the decomposition modelling for Hybrid PolSAR data using SAR backscatter. This 

SAR backscatter is used for retrieving the parameter to estimate the aboveground biomass. Chapter 1 

describes about the formulated main objectives and research questions. Chapter 2 is a review of 

decomposition modelling and different techniques used for the estimation of AGB. Chapter 3 is a detailed 

explanation of study area. Adopted methodology is described in the chapter 4 with the explanation of data 

sets and decomposition modelling approaches. Modelling approaches for AGB estimation are described in 

Chapter 5. Chapter 6 deals with the results obtained using Hybrid PolSAR decomposition modelling and 

modelling of AGB. Chapter 7 is deals with the discussion of obtained results. Conclusion and 

recommendations are mentioned in Chapter 8. 
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2. LITERATURE REVIEW 

2.1. Sampling plan for AGB Estimation 

There are two techniques which are helpful for biomass estimation: destructive and non-destructive 

sampling technique. Destructive sampling involves the chopping of the trees and separating out the woody 

parts and then evaluate the total weight. So it makes this technique laborious, time consuming and also 

destroy the growth of the trees. Destructive sampling provides the accurate result to estimate the biomass 

but harvest the whole forest so practically not good. Kumar [3] mentioned that In-situ measurements using 

non-destructive sampling technique is good for biomass estimation because chopping of trees are not 

required in this process. Regression equations are used which include different parameters in this non-

destructive sampling technique. Kangas and Maltamo [23] described the way for sampling to estimate 

biomass and the sampling designs are given below: 

i. Simple Random Sampling (SRS) 

This sampling technique involves sampling units containing the samples which are selected by some random 

process from the whole forest area or population without separating it as homogeneous blocks. SRS is 

grouped as without and with replacement of sampling unit. In SRS, n-sampling units designed in such a way 

from the population that equal probability of selecting these sampling units with all possible combinations. 

The forest area under SRS is considered as a single population. Sample selection that are grouped as without 

or with replacement worked as the selection of same sample unit is possible only at once and more than 

once respectively. 

ii. Systematic Sampling 

Systematic sampling categorized under the non-random sampling where selection of sampling units based 

upon the predefined pattern. Pattern of these selected sampling units followed thoroughly by regular 

intervals. 

iii. Cluster Sampling 

It is described as sample where sampling unit is considered as a group or cluster of elements are known as 

cluster sample. Husch et al., in [24] mentioned that to form a sampling unit, smaller recording unit or 

subplots grouped together inside a cluster. Sampling unit is formed by the group of these subplots. Clusters 

configuration depends on geometric distribution, number of sub plots, distance between units. Cluster 

sampling is used in large areas such as regional or national inventories. This sampling technique also 

categorized as single stage and two stage.  

iv. Stratified Sampling 

Breaking down of a heterogeneous forest into subdivisions through stratification called strata. Stratified 

Random Sampling involves the division of population into sub populations which are of different strata and 

then selection of sampling of sampling unit is performed from each of these sub population in proportion 

to their size. This sampling technique is widely used when heterogeneity in the forest is substantial. 
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v. Multiphase Sampling 

Husch et al., in  [25] described this sampling method also as double sampling. This method includes two 

phases and one variable is determined by using its relationship to another. When obtaining information 

related to the principal variable makes it costly and difficult in comparison to the other variable than this 

method is of more interest. Double sampling/Multiphase sampling look for precise estimate by reducing 

the count of measurements for the costly variable. 

2.2. Role of  Remote Sensing for the Estimation of  AGB 

Wulder et al., in [26] applied three approaches using remote sensing data and forest inventory to estimate 

the biomass. These approaches to estimate the biomass using forest inventory, remotely sensed outputs and 

hybrid approach. Hybrid approach uses the integration of biomass estimation through forest inventory and 

remotely sensed outputs methods. Using forest inventory, biomass estimation involves two approaches 

when developing a model. These are Individual Cover Type (ICT) models and All Cover Type (ACT) models 

which were based on regression relationships and a single regression relationship respectively between 

biomass measurements and total volume estimates. In the second and third method remotely sensed data 

of Landsat TM and hybrid approach respectively used for biomass estimation. Hybrid approach is basically 

used Polygon Decomposition method. AGB estimates from remote sensing data was 5% lower than the 

forest inventory. Also there was positive relationship between estimates of AGB of the field and inventory 

compared to AGB estimation through remote sensing data and field. Study shows that the outcomes of 

remote sensing approach and forest inventory was varied by 2% in the total estimation of AGB.  

2.2.1. AGB Estimation using Active Remote Sensing 

Active remote sensing is the technique where transmitted radiation is artificially generated. Active Remote 

Sensing played a wide role in the estimation of biomass. With the help of Lidar and SAR data above ground 

biomass is estimated more reliably. 

2.2.1.1. AGB Estimation through Lidar 

Lidar is the abbreviation of Light Detection and Ranging. In Lidar, laser transmits short pulses of coherent 

light in a series fashion with a very narrow beam width in a narrow spectral band. Time delay of pulse is 

used to calculate the distance between the Lidar sensor and the reflecting surface. When Lidar is operated 

over a forest, first reflection comes out from upper canopy level. But some beams passes through upper 

canopy and gives reflections from lower canopy and under storey. Final reflection comes from the ground 

surface [8]. 

Tree height, which is an important parameter for AGB estimation using volumetric equations was a 

challenge to extract until the Lidar technology came. Lidar technology is capable to extract the tree height 

with higher accuracy than other techniques used in remote sensing [27] 

Lu et al., in [28] focused on the methods used for above ground biomass estimation using Lidar and Landsat 

data and analyses that the number of sample plots, suitable algorithms, suitable metrics, and suitable 
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methods for analyzing uncertainty are the critical issues for the estimation of biomass. Based on the study 

researchers found that in the estimation of biomass some methods such as sample plots, allometric 

equations, applied modelling algorithms and spectral variable selection affects the results. Main purpose of 

Lidar in general is to estimate the canopy height that is also an important variable for tree stand parameters. 

Challenges faced during the process of mapping biomass in combining the multiscale images, matching 

sample plot data with images having inconsistent spatial resolution. Three case studies performed by the 

researchers and found that co-simulation algorithm was helpful for mapping AGB. 

Jochem et al., in [29] estimated AGB using semi-empirical model. Then this model was explored for the 

derived parameters from Airborne Lidar up to canopy transparency level. These parameters used to look 

into the model for AGB estimation and depend on how much Lidar penetrates the vegetation. Study area 

used in this study contains alpine forest of area 560 km2. In this study semi-empirical model developed by 

Hollaus et al. [29] inquired about its liableness for this forest area. The result of the study showed that semi-

empirical model related to stem volume can also be employed for AGB estimation. There is no effect of 

extended model using different canopy transparency parameters on R2.  

Tanase et al., in [30] studied the effect on forest biomass estimation using high spatial resolution provided 

by both Radar and Lidar based Sensors. This study suggests that high-spatial-resolution radar data could 

provide fundamentally similar results to Lidar for some biomass intervals. Tanase et al., in [30] evaluated the 

error in biomass retrieval using L-band SAR and Lidar sensors. Study showed that relative error from Lidar 

based is 9% lower than radar based models for the biomass range of 30-100 t/ha. The author concluded 

that results provided by radar data and Lidar data at high-spatial resolution are similar for biomass 

estimation. 

2.2.1.2. AGB Estimation through SAR 

Hensley et al., in [31] proposed an error model which is derived from backscattering of radar polarimetry 

for biomass estimates. In this study researchers described the accuracy of estimated biomass assessed from 

polarimetric radar by using a mathematical framework. Main focus of study was to establish the translation 

of error that occur due to parametric backscatter measurement to error occurred in biomass estimates. 

Additionally, researchers also described how the accuracies of expected biomass transformed into design 

parameters of radar. 

Sandberg et al., in [32] estimated the change in forest biomass using P-Band SAR backscatter. Using the 

reference biomass change maps derived from high density laser scanning data regression models based on 

backscatter change were developed. The models were selected based on twofold cross-validation technique. 

The results of the study indicate that the root mean square error of biomass change estimation based on 

airborne P-band SAR backscatter data is very low. Effects of reduced resolution, increased system noise and 

ambiguities were simulated when moving from airborne to space borne SAR. The biomass change 

estimation error was found to be higher when no backscatter offset correction was used. They finally 

concluded that there is a strong potential for biomass change estimation using P-band SAR backscatter. 
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Pope et al., in [33] analyzed on the SAR imagery of forest, wetland and agricultural ecosystems of Central 

America. They developed a four-level landscape hierarchy based upon clustering analysis of the index 

parameters. They have found that Biomass Index (BMI) was important for differentiating between vegetated 

and non-vegetated areas and between sloping and level terrain. They have also found that most of the SARs 

used in the study were single channeled systems and provided only a limited capability for characterizing 

biomass and structure of tropical vegetation. 

Englhart et al., in [18] studied aboveground biomass retrieval in tropical forests using a combination of X 

and L band SAR data. Two types of datasets of different frequencies i.e. X-band dataset of TerraSAR-X 

and L-band dataset of ALOS PALSAR were utilized. Calibration of SAR backscatter images were performed 

using Lidar data. X-band data was found to be efficient for estimation of AGB in area containing low 

biomass, whereas L-band data effectively derived AGB in area of high biomass. It was also concluded that 

multi-temporal analysis was more accurate than single-date analysis.   

Tanase et al., in [34] adopted a methodology to estimate AGB using multi-temporal L-band data. Biomass 

maps generated with the help of Lidar data were used as reference maps. Parametric and non-parametric 

models were used. Backscatter images were generated and polarimetric decompositions were obtained. 

Hence, effect of polarization on biomass was determined. 

The comparative analysis of hybrid-pol data and quad-pol data was conducted by Panigrahi and Mishra [35]. 

For the accurate comparison hybrid-pol data was first converted into pseudo quad-pol data. Then, 

decomposition technique i.e. Freeman Durden decomposition was applied to both the datasets. The 

scattering information retrieved from the decomposition of the images were used as a basis for comparison. 

It was observed that from hybrid-pol data less scattering information was extracted than the quad-pol data. 

2.3. Use of  SAR Polarimetry in AGB Estimation 

Polarimetry refers to measure of polarization which is described as the orientation of the electric field vector 

in a plane perpendicular to the direction of propagation. SAR systems transmit polarized EM waves and 

received these waves as retrieved information from the scatterers also depends on polarization of the 

transmit wave.  

Transmitted and received polarization of complex SAR system are designed as: 

 Horizontally transmitted and Horizontally received – (HH) 

 Horizontally transmitted and Vertically received – (HV) 

 Vertically transmitted and Horizontally received – (VH) 

 Vertically transmitted and Vertically received – (VV) 

The transmit and receive signal in the above mentioned polarization of SAR systems are categorized as 

single, dual and quad polarized. Single polarized systems are those whose transmit and receive are either 

HH or HV or VH or VV. Dual polarized systems are those whose transmit and receive are either HH and 
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HV or HH and VV or HH and VH. SAR systems which transmit and receive all polarization (HH, HV, VH 

and VV) are known as quad-polarized. 

Another mode of polarization of SAR signal is compact polarimetry. Souyris et al., in [36] introduced the 

concept of 𝜋/4  compact polarimetry. Compact polarimetry uses the transmitted signal has a single 

polarization either linear (H+V) at an orientation angle of 𝜋/4 or right circular or left circular with an 

ellipticity of ±450. On the basis of angle of orientation and ellipticity Ferro-Famil and Pottier [37] introduced 

the conceptual idea of linearly polarized wave or linear polarization, elliptically polarized wave or elliptical 

polarization and circularly polarized wave or circular polarization. 

Figure 2.1 (a), (b) and (c) shows the linearly polarized wave, elliptically polarized wave and circularly 

polarized wave respectively. Ex and Ey show the horizontal and vertical component of electric field. Red 

arrow represents the net electric field vector. Green arrow represents the rotation of the net electric field 

vector. Blue coloured components represents the locus covered by tip of net electric field vector orthogonal 

to the direction of propagation. 

Fully polarimetric data and dual-polarimetric data were analysed by Souissi et al., in [38] compact PolSAR 

data contains full quad-Pol data and pseudo quad-Pol data. Coherency matrix of compact polarimetric data 

was used to produce quad-Pol data to reproduce back full quad-Pol data. The two datasets were subjected 

to Yamaguchi decomposition and the results were examined. Compact PolSAR data was observed to be less 

efficient than the fully polarimetric data. Full polarimetric data (FP) generated 4×4 coherency matrix 

whereas compact polarimetric data generated 2×2 coherency matrix. 

 

 

Figure 2-1: (a) Linearly Polarized Wave (b) Elliptically Polarized Wave (c) Circularly Polarized Wave 
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2.4. Hybrid Polarimetry 

Hybrid polarimetry has the advantage over other polarimetry as it can transmit circularly polarized wave and 

receive two orthogonal mutually coherent polarizations [12]. The wave is circularly transmitted linearly 

received (CTLR). The combination of transmitted and received signal is as: Right Circular transmit and 

Horizontal received (RH), Right Circular transmit or Vertical received (RV) [12]. 

Raney  [12] show that circularly polarized light is transmitted and linearly polarized light is received in 

Hybrid-Polarity architecture (CL-pol) of SAR which is a reflexion of compact polarimetry. Study showed 

that resulting radar has low susceptibility for cross channel errors and noise. Study concluded that measure 

of amplitude of backscatter and relative phase is required for Stokes parameter and the values of Stokes 

parameter are also free from polarization basis. Raney [14] concluded that if transmitted signal is circularly 

polarized then only elements of Stokes vector are rotationally invariant. CTLR with relative phase are 

sufficient for the retrieval of Stokes parameter. The advantage of system calibrations with relative phase and 

gain are provided by Hybrid polarity architecture. 

2.5. Polarimetric decomposition for the estimation of  AGB 

Polarimetric decomposition is the technique of discriminating individual scattering from targets. This leads 

to better interpretation of target on the ground. Geometric and physical properties of the target can be 

retrieved by polarimetric decomposition. Decomposition techniques categorized as coherent decomposition 

and incoherent decomposition. Coherent decomposition is addressed by scattering matrix and well fitted 

for pure targets and these are named after Pauli, Cameron and Kroagager [39] [40]. The incoherent 

decomposition addressed by coherency matrix or covariance matrix obtained from target vectors [10] [41]. 

Incoherent decomposition is well suited for the AGB as partially polarized wave (neither perfectly 

Horizontal nor Vertical but rather a sum of both) is scattered by natural objects as they are distributed 

(randomly oriented) targets. 

A simple model was developed by [42] for microwave backscattering of vegetation canopy. This model 

employed earth surface as constituting of two-layers, vegetation and ground. Vector Radiative Transfer 

model is applied for modelling of backscattering information retrieved from vegetation.  

Freeman and Durden [10] proposed a three component scattering model for polarimetric decomposition of 

SAR data. It involves three scattering mechanisms. These scattering are canopy scattering from upper layer 

of vegetation or from randomly orientated dipoles, double bounce scattering from corner reflectors, Bragg 

scattering from rough surface. Freeman-Durden decomposition work is extended by [43] for PolInSAR data 

sets. Magnitude and phase has defined parameters retrieved from PolInSAR. In this study new features got 

identified as a result from both PolSAR and PolInSAR data. 
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Recognition algorithm developed by [44] by applying Kroagager polarimetric decomposition for Automatic 

Target Recognition (ATR) of either man-made or natural target by using one or more fully polarimetric SAR 

imagery. 

Jayasri et al. (2013) presented a paper on m-delta decomposition of hybrid dual polarimetric SAR data of 

RISAT-1. They concluded that the power scattered by even bounce and odd bounce targets are dependent 

on the state of polarization and relative phase value of the targets. Turkar et al. (2012) observed that by 

using m-delta and m-chi decomposition along with circular polarization ratio (CPR) and SPAN of hybrid 

polarimetric data, land cover classification accuracy can be improved. 

2.6. Model Based Measurement to Estimate the AGB 

Attema and Ulaby [47] proposed a model to calculate the biomass in which vegetation modeled as a water 

cloud. This model was named as WCM. The proposed model considers canopy as a water cloud and droplets 

of this water cloud considered as vegetative matter. Developed model assume water droplets 

indistinguishable under the canopy cloud which are haphazardly distributed among the canopy. 

Backscattering coefficient derived in this model based on target parameters which are three in numbers. 

These target parameters are height of the plant, volumetric moisture and water content of soil and vegetation 

respectively. These parameters were assessed by radar cross section data using regression analysis. WCM 

was extended by Liu et al., in [48] to a Two Layer Water Cloud Model (WCM2). WCM considers canopy as 

homogeneous medium and ignores heterogeneity in vegetation layer. In the WCM2 vertical heterogeneity is 

taken into account. This heterogeneity of vegetation accounted by distributing per unit volume water 

content. Validation of the results performed with the Tor Vergata model which is a physical model [49]. 

Zhou and Hamstrom [50] made a comparative study in order to estimate the AGB. They concluded that 

the Jenkins and the Component Ratio Methods (CRM) estimate the higher merchantable biomass when 

comparing with the estimates of the regionally derived equations. The Jenkins model was designed for 

national level biomass estimation [51]. It uses a set of equation for the estimation of total above ground 

biomass based on the diameter of a tree. The Jenkins model is a more generalized approach and the results 

might be misleading when applied at fine scales. The CRM method is a refinement to the Jenkins method 

and may alleviate consistency problems associated with the regional equations.  

Kumar et al., in [52] applied a genetic algorithm on the estimation of water cloud model vegetation 

parameters. They considered four parameters: two parameters to characterize the vegetated terrain and the 

other two were for the bare soil parameters. The vegetation parameters were estimated using a Genetic 

Algorithm optimization technique. The results of the study demonstrated that the Genetic Algorithms are 

superior over conventional methods of optimization provides confidence in its use for estimation of 

hydrological parameters from other SAR images.  
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Englhart et al., in [53] compared three techniques for AGB estimation. Multi-frequency SAR data i.e. 

TerraSAR-X and ALOS PALSAR was employed in the study. Lidar data was utilized as reference data. The 

three algorithms used were multivariate linear regression (MLR), artificial neural network (ANN) and 

support vector regression (SVR). The ANN and SVR models resulted in higher coefficients of determination 

and higher error measures when compared to the MLR model. The MLR showed overestimation of biomass 

range. 

Sandberg et al., in  [32] develop different regression models and the models were compared to the change 

maps based on laser data using two-fold cross- validation and estimation error were also evaluated. The 

results of the study indicates that the root mean square  error of biomass change estimates based on P-band 

SAR backscatter is 15% or 20% t/ha. 

Jochem et al., in [29] used a semi-empirical model that was originally generated for stem volume estimation 

is used for AGB estimation of a spruce dominated alpine forest. The study shows that the introduction of 

canopy transparency parameters does not change the results significantly according to coefficient of 

determination in comparison to the results derived from the semi-empirical model which was originally 

developed for stem volume estimation. 

Poolla [22] used extended Water Cloud Model in which higher order interaction (stem-ground interaction) 

was considered. In this extended water cloud model double bounce scattering taken into account by using 

L-band data that occur due to stem-ground interaction. This study showed that volume scattering has 

reduced and double bounce scattering has increased after deorientation. With the increase in above ground 

biomass, volume scattering also increases up to certain value after that saturation occurs. There was no equal 

relationship between decrease in volume scattering and increase in surface scattering. Determination 

coefficient before and after the deorientation of stem volume was 0.315 with RMSE of 328 m3/ha and 

0.4259 with RMSE of 185 m3/ha respectively. The result of the extended water cloud model provide reliable 

accuracy after deorientation for the estimation of AGB. 

Kumar et al., [20] studied on the estimation of AGB using C-band data of ENVISAT for a tropical forest. 

The forest parameters were obtained using semi-empirical modelling i.e. WCM and Interferometric Water 

Cloud Model (IWCM) through the use of SAR backscatter and Interferometric Synthetic Aperture Radar 

(InSAR) coherence. The study achieved high AGB accuracy with low root mean square error based 

weighting coefficients and WCM multi-data and InSAR images showed better results compared to individual 

coherence images. 
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3. STUDY AREA 

To study the potential of Hybrid PolSAR for aboveground biomass, a site is chosen in Barkot Forest. Barkot 

Forest has diverse trees structures due to various tree species present in it. Due to this diversity, the retrieved 

scattering has all the component (surface scattering, volume scattering and double bounce scattering) which 

will be required in decomposition modelling. The forest has a major contribution in the volume scattering. 

3.1. Introduction 

The Barkot Forest is situated at the foothills of Himalaya in the Uttarakhand state of Northern India.  

Location of the forest area lies in between 29033' to 30000' N latitude and 78018' to 79049' E longitude. The 

Barkot Forest is located between Gharwal and Shivalik ranges of the Himalayas and also bordered by the 

city Rishikesh and the river Ganges. Barkot forest range come under west gangetic moist deciduous forest 

which covers around 1800 km2 area [17] [54]. It is a type of closed forest that belongs from medium height 

trees to good heights. The regeneration status is poor for the Sal trees in this forest. The vegetation type of 

this forest can be grouped as follows. 

 Sal forest 

 Mixed Sal forest 

 Teak plantation 

 Mixed Teak plantation 

 Acacia 

Barkot Forest is situated nearby the Rajaji national park with a dense canopy cover of vegetation. Vegetation 

cover map of India is given in Figure 3.1 (a) while the vegetation cover map of Uttarakhand state of India 

is given in Figure 3.1 (b). False colour composite (FCC) image acquired by LISS IV sensor of Resourcesat-

2 is shown below in Figure 3.1 (c) and drainage pattern map of the same area is given in Figure 3.1 (d). 

3.2. Block wise division of  Barkot Forest 

Barkot forest has been grouped into several blocks according to Forest department of Uttarakhand. The 

blocks in which Barkot Forest is grouped are as Sainkot, Ranipokhari, Bhaniawala, Jakhan, Ghamandpur, 

Jogiwala and Chandi. 
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Figure 3-1: In the figure below: a) Vegetation cover map of India (Source: Forest Survey of India). b) 
Vegetation cover map of Uttarakhand state of India (source: Forest Department of Uttarakhand). c) 
LISS IV acquired FCC image of Barkot Forest Area. d) Drainage and Compartment map of Barkot 
Forest. 
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3.3. Statement of  significance 

Dense Sal trees has a major share in the Barkot Forest Area which also contributes to the volume scattering 

from their dense canopies. Seasonal growth in agricultural lands around the forest area also contributes to 

the volume scattering while at the same time of land without crop this part contributes as surface scattering. 

Areas having low or no vegetation near or inside forest contribute towards double bounce. 

Backscatter from this area is contributed by surface, volume and double bounce scattering, which is needed 

in this project for decomposition modelling to estimate AGB. No extra effort is need to filter out any bias 

due to topography as the study area is relatively plain. Hence Barkot Forest was chosen as the study area for 

this research. 

3.4. Climate 

The climate of this area is humid with moderate to cold temperature having rainfall and luxuriant vegetation. 

Different seasons in this area are: summer (March to May), rainy season (May to mid-September) and winter 

(mid-September to mid-march).  

Monsoon: Generally the rainfall starts approximately from May and ends in August at Doon valley. The 

recorded annual rainfall varies from lower 153.3 cm to higher 287.6 cm. Maximum and minimum rainfall 

occur during the months of April and July-August respectively. 

Temperature: Temperature varies from 21.2º C to 40º C up to the month of May while in the winter it varies 

in between 5º C to 23º C. Minimum and maximum recorded humidity of this area during April and July are 

35.7% and 86% respectively at 8:30 hrs. 

3.5. Soil 

Soil of this forest consist of clays, sand, stones of small sizes to big sizes, boulders and pebbles. Soil 

morphology of this area had characteristics from non-sticky friable to sticky firm. Most of the time in year, 

soil of this forest remains moist due to lessened evaporation up to tree density from floor of the forest and 

high canopy cover. Organic matter content in the soil are heavy with moderate plant litter. The pH 

concentration of the soil is 5.64 meaning it is moderately acidic in nature. Texture percentage in this soil for 

sand, clay and silt are 64.56%, 21.14% and 14.15% respectively (Mukesh et al. 2011). Calcium, magnesium 

and potassium are the major constituents of soil present in in this forest. Quartz, mica and feldspars were 

also identified in this forest.  
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3.6. Flora 

The main contribution in this forest area is by Sal (Shorea robusta) trees. Sal trees which are dominant species 

assisted with Teak (Tectona grandis), Sisoo (Dalbergia sisoo) and Khair (Senegalia catechu). Some other trees which 

also have contribution to this forest are Rohini (Mallotus philippensis (Lamk) Muell.-Arg.), Chamror (Ehretia 

laevis Roxb.), Kanju (Holoptelea integriflora (Roxb.) Planch.) and Sagaun (Tectona grandis L.f.). Safed siris (Artabotrys 

odoratissimus), dhauri (Anogeissus Pendula), bohera (Tamarindus indica) and jhingan (Lannea coromandelica) are also 

the main companion of Sal. Sal trees have about 40% contribution as dominating species to this forest area. 

Sal, Khair and sisoo covered northern part of this forest area while mix species like bamboo, grass and 

shrubs is in the southern part of this forest area. 

3.7. Fauna 

Wildlife of this forest is quite diverse. This forest has the largest population of Elephants (Elephus maximus). 

The other species of mammals that belongs to this forest are Tigers (Panthera tigris), Wild cats, Neelgai 

(Boselaphus tragocamelus), leopards, Deer, Langoors (Simia entellus).  
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4. MATERIALS AND METHODS 

This chapter is a detailed description of satellite data and collected field data with the explanation of field 

estimated AGB for the study area. Chapter also given description of adopted methodology with the 

description of Hybrid PolSAR decomposition techniques and fully PolSAR decomposition technique that 

were used for the AGB estimation. Forty five plots were available with their recorded global positioning 

system (GPS) locations. Four more plots have been collected so the total 49 plots were available. Required 

information has been extracted in the form of backscatter values from these locations. This information 

was used to estimate the AGB for these locations. 

4.1. Materials  

4.1.1. Satellite Data 

Two datasets are used in this study. The available datasets were from two different sensors RISAT-1 and 

Radarsat-2. Both the datasets are in Single Look Complex (SLC) format. The specification of datasets are 

shown in Table 4-1. 

Table 4-1: Description of the available data. 

Description Image 1 Image 2 

Satellite RISAT-1 RADARSAT-2 

Date of Acquisition 01-July-2013 28-Jan-2014 

Band C C 

Polarization Hybrid Pol Quad Pol 

Data Format SLC SLC 

Mode FRS-1 Fine Quad Pol 

Wavelength 5.6 cm 5.5 cm 

Resolution 2.34 m × 3.33 m 5.2 m × 7.7 m 

Transmission mode of available data of RISAT-1 is in right circular transmit mode. 

4.1.2. Field Data 

There were 45 plots collected in a previous research  [17]. Four more plots have been collected in Barkot 

forest range so the total 49 plots were available. During the month of December, fieldwork has been carried 

out to collect four more sample plots. Newly collected sample plots were from Sal forest and mixed Sal 

forest. Plots were collected using stratified random sampling method. The area of collected sample plots 

were 0.1 ha with square shape (shown in Figure 4-1). Circumference at breast height (CBH) and Diameter 
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at breast height (DBH) are tree parameters those were collected to estimate the AGB at each plot. The 

distribution of sample plots are shown in Figure 4-2. 

 

Figure 4-1:  Sample Plot 

 

 

 

 

 

 

 

 

 

 

4.1.3. Calculations of field estimated AGB 

Tree parameters which was calculated in the forest used to calculate the AGB. For each tree CBH and height 

of the tree was measured for every locations. DBH is calculated with the help of CBH. Forest Survey of 

Figure 4-2: Location of old and new sample plots in the Barkot Forest 
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India (FSI) has developed stand volume equations. Stand volume has been calculated using these equations. 

Empirical models developed by FSI [55] for each type of species. 

4.1.3.1. Basal Area  

For each tree species basal area (𝐴) was calculated with the help of measured stem diameter using the 

equation (4.1); 

 
𝐴 =  𝜋 (

𝑠𝑡𝑒𝑚 𝑑𝑖𝑎𝑚𝑒𝑡𝑒𝑟

2
)
2

 
(4.1) 

4.1.3.2. Stem Volume 

On the basis of stem volume equation provided by FSI [55] (Appendix A), stem volume was calculated and 

tree species for which equations are not available, the quarter girth formula is given in equation (4.2); 

 𝑉𝑞𝑔 =  𝜋(𝑟)2ℎ (4.2) 

Where stem volume is represented as 𝑉𝑞𝑔, 𝑟 refers to radius and ℎ refers to tree height. 

4.1.3.3. Aboveground Biomass (AGB) estimation 

This stem volume (calculated in field) and specific gravity used to calculate the AGB is given in equation 

(4.3); 

 𝐴𝐺𝐵 = 𝑆𝑉 × 𝑆𝐺 (4.3) 

Where SV refers to stem volume and SG refers to specific gravity. The unit of stem volume (SV) is 𝑚3. 

Specific gravity values were taken from Indian Woods book [56]. Empirical models developed by FSI for 

considering stem volume only included those trees which have stem diameter greater than 10 cm. The four 

more plots collected in the field are present in Sal forest and mix Sal forest. AGB has been calculated for 

these plots using basal area and stem volume with the help of field measurements like tree height and CBH. 

AGB for these 4 plots ranges from 21.42 (t ha-1) to 282.92 (t ha-1) with an average AGB of 251.54 (t ha-1). 
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4.2. Methodology 

Flow diagram of adopted methodology to generate SAR backscatter images and to estimate AGB is given 

in Figure (4-3); 

 

Figure 4-3: Flowchart of Methodology 
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4.3. Stokes parameters 

George Gabriel Stokes has defined that the polarization state of an electromagnetic wave can be expressed 

by the Stokes parameters. For fully polarized waves the amplitude and relative phase are constants or varying 

slowly with time. To deal with partially polarized wave it is easier to use Stokes parameters as compared to 

fully polarized wave. These parameters describe partially polarized waves not by their phases and amplitude 

but by their observable power terms. Stokes parameters are 𝑆1, 𝑆2, 𝑆3 and 𝑆4. Representation of Stokes 

parameters have primarily two advantages that all four parameters are measured in terms of their intensities 

and has the capability to deliver partially polarized waves in the form of 2×2 complex hermitian positive 

semi-definite wave coherency matrix [ 𝐽 ] [57]. This coherency matrix also known as Wolf’s coherence 

matrix [58] and expressed as in equation (4.4): 

 
[ 𝐽 ] = 〈𝐸𝐸†〉 = [

〈𝐸𝐻𝐸𝐻
∗ 〉 〈𝐸𝐻𝐸𝑉

∗〉

〈𝐸𝑉𝐸𝐻
∗ 〉 〈𝐸𝑉𝐸𝑉

∗〉
] = [

𝐽𝐻𝐻 𝐽𝐻𝑉

𝐽𝑉𝐻 𝐽𝑉𝑉
] =

1

2
[
𝑆1 + 𝑆2 𝑆3 + 𝑗𝑆4

𝑆3 − 𝑗𝑆4 𝑆1 − 𝑆2
] 

(4.4) 

where 𝐸 is the complex voltage (in the subscripted polarization), † denotes complex conjugate transpose, ∗ 

denotes complex conjugate and 〈… 〉 indicates ensemble averaging (here multilooking) by assuming wave is 

stationary [57]. Stokes vector (S) can be associated with the coherency matrix [ 𝐽 ] as [57] in equation (4.5) 

 𝑆1 = 〈|𝐸𝐻|2 + |𝐸𝑉|2〉 = 〈𝐸𝐻𝐸𝐻
∗ 〉 + 〈𝐸𝐻𝐸𝑉

∗〉 = 𝐽𝐻𝐻 + 𝐽𝑉𝑉  

 𝑆2 = 〈|𝐸𝐻|2 − |𝐸𝑉|2〉 = 〈𝐸𝐻𝐸𝐻
∗ 〉 − 〈𝐸𝐻𝐸𝑉

∗〉 = 𝐽𝐻𝐻 − 𝐽𝑉𝑉  

         𝑆3 = 2|𝐸𝐻||𝐸𝑉| cos𝜙𝐻𝑉 = 〈𝐸𝐻𝐸𝑉
∗〉 + 〈𝐸𝑉𝐸𝐻

∗ 〉 = 𝐽𝐻𝑉 + 𝐽𝑉𝐻  

              𝑆4 = 2|𝐸𝐻||𝐸𝑉| sin𝜙𝐻𝑉 = 𝑗〈𝐸𝐻𝐸𝑉
∗〉 − 𝑗〈𝐸𝑉𝐸𝐻

∗ 〉 = 𝑗𝐽𝐻𝑉 − 𝑗𝐽𝑉𝐻 (4.5) 

Since [ 𝐽 ] is positive semidefinite matrix so, 

 det{[𝐽]} ≥ 0 𝑜𝑟 𝑆1
2 ≥ 𝑆2

2 + 𝑆3
2 + 𝑆4

2 (4.6) 

In equation (4.4) intensities is represented by diagonal elements while complex cross correlation is shown 

by off-diagonal elements (between 𝐸𝐻 and 𝐸𝑉). Total energy is represented by Trace{[𝐽]}. 

This study involves RISAT-1 coherent dual-polarized SAR data where the transmitted electromagnetic 

waves are in right circular mode and sensor is receiving horizontal and vertical polarized waves. So the 

Stokes parameters in circular and linear polarization at receiver can also be expressed as equation (4.7) [12]; 

 

        𝑆1 = 〈|𝐸𝑅𝐻|2 + |𝐸𝑅𝑉|2〉  
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       𝑆2 = 〈|𝐸𝑅𝐻|2 + |𝐸𝑅𝑉|2〉  

 𝑆3 = 2𝑅𝑒〈𝐸𝑅𝐻𝐸𝑅𝑉
∗ 〉  

    𝑆4 = −2𝐼𝑚〈𝐸𝑅𝐻𝐸𝑅𝑉
∗ 〉 (4.7) 

Where 𝐸𝑅𝐻  and 𝐸𝑅𝑉  are complex voltage in right circular transmit with horizontal and vertical receive 

polarization, 𝑅𝑒 and 𝐼𝑚 refers to the real and imaginary value respectively obtained from complex cross 

product. To describe the polarization state on Poincare sphere (Appendix A), the required components are 

degree of polarization (m), ellipticity parameter (χ) and orientation angle (Ψ). On the basis of these three 

(m, χ, Ψ) components Stokes vectors can also be expressed as in equation (4.8) [57]; 

 

𝑆 = [

𝑆1

𝑆2

𝑆3

𝑆4

] =

[
 
 
 

𝑆1

𝑆1 cos(2𝜓) cos(2𝜒)

𝑆1 sin(2𝜓) cos(2𝜒)

𝑆1 sin(2𝜒) ]
 
 
 
 

(4.8) 

From all the four Stokes parameters the only dependent parameter is 𝑆1  while the remaining three 

parameters are independent. The first parameter 𝑆1 refers to the total intensity of the electromagnetic wave. 

The second parameter 𝑆2  refers to the polarization state. Parameters 𝑆3  and 𝑆4  respectively refers to 

rotation and phase difference. The Stokes parameters also accompanied to matrix decomposition 

techniques. 

4.3.1. Stokes Child Parameters 

The parameters derived from or with the help of Stokes parameters are known as Stokes child parameters. 

They are degree of polarization (m), relative phase (δ), ellipticity parameter (χ), polarization angle (α) and 

circular polarization ratio (μ). All the mentioned child parameter can be described with the help of Stokes 

parameters as [12]; 

Degree of Polarization (m): On the Poincaré sphere, the degree of polarization represents the distance 

of a normalized Stokes vector’s last three components from the origin. The surface of the unit Poincaré 

sphere (Appendix A) corresponds to m equals to one and represents all totally polarized states. In other 

words m is the representative of polarized and diffuse scattering and can be calculated using Stokes 

parameters as in equation (4.9); 

 
𝑚 =

√𝑆2
2 + 𝑆3

2 + 𝑆4
2

𝑆1
 

  0 ≤ 𝑚 ≤ 1 (4.9) 

Relative Phase (δ): Relative phase is the phase between RH and RV (for this study) and can be calculated 

using Stokes Parameters as in equation (4.10); 
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𝛿 = tan−1 (

𝑆4

𝑆3
) 

−180° ≤ 𝛿 ≤ 180° (4.10) 

Chi (𝝌): 𝜒 is the ellipticity parameter which preserves the sense of rotation when the transmitted field is 

elliptically polarized. 𝜒 enters the decomposition as in equation (4.11); 

 
sin(2𝜒) = −

𝑆4

𝑚𝑆1
 

−45° ≤ 𝜒 ≤ 45° (4.11) 

Polarization angle (α): Polarization angle can be calculated using Stokes parameters as; 

 
𝛼 =

1

2
 tan−1 (

√𝑠2
2 + 𝑠3

2

𝑠4
) 

 (4.12) 

Circular Polarization Ratio (μ): Circular polarization ratio is an indicator of planetary ice deposits and 

also double bounce scattering. It can be calculated using Stokes parameters as in equation (4.13); 

 
𝜇 =

𝑆1 − 𝑆4

𝑆1 + 𝑆4
 

𝜇 ≥ 0 (4.13) 

4.3.2. Hybrid PolSAR Decomposition Modelling 

Three decomposition model was used for to perform this study for Hybrid PolSAR data. Hybrid Pol 

decomposition model used in this study was m-delta decomposition, m-chi decomposition and m-alpha 

decomposition. Backscatter images were generated using these decomposition model to extract the required 

information in the form of surface, volume and double bounce scattering. 

4.3.2.1. m-delta (m-δ) decomposition 

The m-delta decomposition comprise of degree of polarization (m) and relative phase (δ). Raney et al., in 

[12] introduced the practical applicability of (m-δ) decomposition. The parameters used for this modelling 

approach basically derived from the Stokes parameter. Degree of polarization (DoP) is indicating polarized 

and diffuse scattering. Relative phase (here phase between RH and RV) is indicating double bounce 

scattering. DoP and relative phase are able to characterize the polarization state of electromagnetic wave 

and can be expressed with the help of Stokes parameters [14] as given in equation (4.9) and equation (4.10). 

The value of degree of polarization lies in between 0 to 1 (0 ≤  m ≤  1) where m = 1 represents the 

totally polarized wave.  While the value of relative phase lies in between -180° to +180° 

(−180° ≤  δ ≤  +180°)   where – and + sign of the relative phase represents rotation direction of 
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circularly polarized field [45]. The negative phase indicate rotation direction is right circular while the 

positive phase indicate the left circular rotation. The (m-δ) can be expressed as in equation (4.14) to (4.16) 

 

𝑓𝑜𝑑𝑑(m−δ) = √𝑠1 × 𝑚 × 
1 + sin(𝛿)

2
 

(4.14) 

 

𝑓𝑒𝑣𝑒𝑛(m−δ) = √𝑠1 × 𝑚 × 
1 − sin(𝛿)

2
 

(4.15) 

 𝑓𝑣𝑜𝑙𝑢𝑚𝑒(m−δ) = √𝑠1 × (1 − 𝑚) (4.16) 

Where   𝑓𝑜𝑑𝑑(m−δ) , 𝑓𝑒𝑣𝑒𝑛(m−δ) and 𝑓𝑣𝑜𝑙𝑢𝑚𝑒(m−δ) indicates the relative contribution of surface, double 

bounce and volume scattering respectively retrieved from this decomposition modelling. In this 

decomposition technique, m is the sensitive indicator of volume scattering and 𝛿 is the sensitive indicator 

of even bounce against odd bounce scattering. 

4.3.2.2. m-chi (m-χ) Decomposition  

Raney et al., in [59] applied the (m-χ) decomposition for hybrid polarimetric data. The (m-χ) decomposition 

consist of degree of polarization (m) and ellipticity parameter (χ). This decomposition model is using 

parameters m and χ which are derived from Stokes parameters. The DoP is indicating diffuse scattering 

while χ is an indicator of even versus odd scattering as the sign of χ is an unambiguous indicator of even 

versus odd bounce scattering. The value of DoP lies in between 0 to 1 (0 ≤  m ≤  1) while chi lies in 

between -45° to +45° (−45° ≤  δ ≤  +45°). The (χ) enters in this decomposition modelling in the form 

of degree of circularity [59] as given in equation (4.11). 

Using equation (4.9) and equation (4.11) the m-chi decomposed image can be expressed as; 

 

𝑓𝑜𝑑𝑑(𝑚−χ) = √𝑠1 × 𝑚 × 
1 + sin(2𝜒)

2
 

(4.17) 

 

 

𝑓𝑒𝑣𝑒𝑛(𝑚−χ) = √𝑠1 × 𝑚 × 
1 − sin(2𝜒)

2
 

(4.18) 

 𝑓𝑣𝑜𝑙𝑢𝑚𝑒(𝑚−χ) = √𝑠1 × (1 − 𝑚) (4.19) 

The relative contribution of surface, double bounce and volume scattering are indicated as 𝑓𝑜𝑑𝑑(𝑚−χ) , 

𝑓𝑒𝑣𝑒𝑛(𝑚−χ) and 𝑓𝑣𝑜𝑙𝑢𝑚𝑒(𝑚−χ) respectively retrieved from this m-χ decomposition modelling. 
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4.3.2.3. m-alpha (m-α) Decomposition 

The m-alpha decomposition comprise of DoP (m) and polarization angle (α). This decomposition method 

is based on Eigenvector analysis of Hybrid PolSAR data and similar to H/α decomposition of fully 

polarimetric data [60]. This 𝛼 parameter can only be estimated from Hybrid PolSAR data when there is 

dominant scattering from urban and agriculture fields (dominant eigenvector of T3). The α parameter can 

be expressed with the help of Stokes parameters as given in equation (4.12). The α parameter represents the 

scattering mechanism. 

Unit of α parameter is in degree and also closely related to the ellipticity of the compact scattered wave as 

[61];  

𝛼 = 2|𝜒| 

Using equation (4.9) and equation (4.12) the m-alpha decompose imaged can be expressed with the help of 

Stokes parameter, DoP and alpha as equations (4.20) to (4.22) [61]; 

 

𝑓𝑜𝑑𝑑(m−α) = √𝑠1 × 𝑚 × 
1 + cos(2𝛼)

2
 

(4.20) 

 

𝑓𝑒𝑣𝑒𝑛(m−α) = √𝑠1 × 𝑚 × 
1 − cos(2𝛼)

2
 

(4.21) 

 𝑓𝑣𝑜𝑙𝑢𝑚𝑒(m−α) = √𝑠1 × (1 − 𝑚) (4.22) 

The value of α lies between 0° to 90° (0° ≤  α ≤  +90°). The alpha parameter here is the scattering 

mechanism. Where   𝑓𝑜𝑑𝑑(m−α), 𝑓𝑒𝑣𝑒𝑛(m−α) and 𝑓𝑣𝑜𝑙𝑢𝑚𝑒(m−α) indicate the contribution of surface, double 

bounce and volume scattering respectively retrieved from this m-α decomposition modelling. 

4.3.3. Fully PolSAR Data Processing 

Fully PolSAR utilizes all the polarization channel (HH, HV, VH and VV). This utilization helps in extracting 

all the required information (scattering) from a single SAR resolution cell. Before generating scattering 

matrix pre-processing of data is required. The available data was in SLC format. The available Radarsat-2 

data is compressed and in slant range. Multilooking is the process in which square pixels are generated to 

remove slant-range distortion. To achieve ground range resolution SLC data was multilooked. The number 

of looks taken in azimuth and range direction are two and one respectively. 
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4.3.3.1. Generation of Scattering Matrix  

When any polarized EM wave interacts with a target, the wave is scattered from that target contain both 

polarization (horizontal and vertical). The backscattering from target can be described by scattering matrix 

(SM). Scattering matrix is a 2×2 matrix. As the backscattering from target can be represented by 2×2 matrix 

so this 2×2 matrix provide the information about target as radar image is dependent on geometry and 

orientation of target . The scattering matrix can be represented as in equation (4.23); 

 
𝑆𝑀 = [

𝑆𝐻𝐻 𝑆𝐻𝑉

𝑆𝑉𝐻 𝑆𝑉𝑉
] 

(4.23) 

Currently there are four elements in the scattering matrix which are complex and can be measured through 

magnitude and phase from the subscripted polarization channel [62]. If reciprocity condition is assumed 

(𝑆𝐻𝑉 = 𝑆𝑉𝐻) then four elements of scattering matrix will be reduced to three. Reciprocity condition can 

only be assumed for monostatic systems and it makes the scattering matrix symmetrical.  

Information extraction from scattering matrix is advantageous if the target are coherent target or pure target. 

Extraction of information from incoherent target like vegetation can be made by coherency or covariance 

matrix [63][64] 

4.3.3.2. Decomposition of Scattering Matrix 

Decomposition of scattering matrix into coherency matrix depends on the target properties as the target 

should be incoherent. In the vigorously varying environment, many target are dependent on their temporal 

and spatial variations. For those targets, second order moments can be extracted through coherency matrix 

(𝑇). The coherency matrix can be produced from scattering matrix (S) in of vector form with the help of 

Pauli’s target vector (𝑘). Coherency matrix which is a second order moment is generated by product of first 

order feature vector (target vector) with its complex conjugate transpose (𝑘†) as in equation (4.24) 

 

𝑘 =
1

√2
[

𝑆𝐻𝐻 + 𝑆𝑉𝑉

𝑆𝐻𝐻 − 𝑆𝑉𝑉

2𝑆𝐻𝑉

] 
(4.24) 

Pauli’s target vector is multiplied with its complex conjugate as in equation (4.25) 

 𝑇 = 𝑘 × 𝑘† (4.25) 

So the coherency matrix (𝑇) can be estimated by assuming reciprocity condition as in equation (4.26) 
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[𝑇] =
1

2
[

〈|𝑆𝐻𝐻 + 𝑆𝑉𝑉|2〉 〈(𝑆𝐻𝐻 + 𝑆𝑉𝑉)(𝑆𝐻𝐻 − 𝑆𝑉𝑉)∗〉 〈2(𝑆𝐻𝐻 + 𝑆𝑉𝑉)𝑆𝐻𝑉
∗ 〉

〈(𝑆𝐻𝐻 − 𝑆𝑉𝑉)(𝑆𝐻𝐻 + 𝑆𝑉𝑉)∗〉 〈|𝑆𝐻𝐻 − 𝑆𝑉𝑉|2〉 〈2(𝑆𝐻𝐻 − 𝑆𝑉𝑉)𝑆𝐻𝑉
∗ 〉

〈2𝑆𝐻𝑉(𝑆𝐻𝐻 + 𝑆𝑉𝑉)∗〉 〈2𝑆𝐻𝑉(𝑆𝐻𝐻 − 𝑆𝑉𝑉)∗〉 〈4|𝑆𝐻𝑉|2〉

] 

(4.26) 

Where, † refers to complex conjugate transpose, <> refers to ensemble averaging, ∗ refers to complex 

conjugate. The total power also known as span can be represented by the sum of all diagonal elements. 

4.3.3.3. Decomposition Modelling 

Decomposition modelling of fully PolSAR data using coherency matrix helps to extract the scattering 

mechanisms. These scattering mechanisms are surface, double bounce and volume scattering which can be 

obtained by Freeman-Durden decomposition algorithm [10]. A modified version of Freeman- Durden 

decomposition is given by Yamaguchi et al. in which helix scattering also accounted [65]. Yamaguchi 

decomposition algorithm which gives four type of scattering named as volume, double bounce, surface and 

helix scattering known as four component decomposition model [65]. This four component decomposition 

modelling does not obey condition of reflection symmetry.  

This decomposition modelling follow the basis coherency matrices obtained from component of surface, 

double bounce, volume and helix scattering. The expansion of this modelling involves the total power as 

the weighted sum of individual power obtained from their respective scattering as in equation (4.27) [22]. 

 〈[𝑇]〉 = 𝑓𝑠〈[𝑇]〉𝑠𝑢𝑟𝑓𝑎𝑐𝑒 + 𝑓𝑑〈[𝑇]〉𝑑𝑜𝑢𝑏𝑙𝑒 + 𝑓𝑣〈[𝑇]〉𝑣𝑜𝑙𝑢𝑚𝑒 + 𝑓𝑐〈[𝑇]〉ℎ𝑒𝑙𝑖𝑥 (4.27) 

Where, 〈[𝑇]〉  represents the coherency matrix, 〈[𝑇]〉𝑠𝑢𝑟𝑓𝑎𝑐𝑒  represents surface scattering 〈[𝑇]〉𝑑𝑜𝑢𝑏𝑙𝑒 , 

represents the double bounce scattering, 〈[𝑇]〉𝑣𝑜𝑙𝑢𝑚𝑒  represents volume scattering and 〈[𝑇]〉ℎ𝑒𝑙𝑖𝑥 

represents the helix scattering. While 𝑓𝑠 , 𝑓𝑑 , 𝑓𝑣  and 𝑓𝑐  are the expansion coefficient of surface, double 

bounce, volume and helix scattering respectively [65].  

The basis coherency matrix for surface scattering due to moderately rough surface under Bragg’s scattering 

given in Yamaguchi et al., in [65] as in equation  (4.28) 

 

〈[𝑇]〉𝑠𝑢𝑟𝑓𝑎𝑐𝑒 =
1

4
[
1 β∗ 0

β |β|2 0
0 0 0

] 
 

(4.28) 

Where  β =  
𝑅𝐻−𝑅𝑉

𝑅𝐻+𝑅𝑉
 and 𝑅𝐻 and 𝑅𝑉 are known as Fresnel reflection coefficient with horizontal and vertical 

polarization respectively [22]. 
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The basis coherency matrix of double bounce scattering due to dihedral corner reflector is given in equation 

(4.29(Yamaguchi, 2006); 

 
〈[𝑇]〉𝑑𝑜𝑢𝑏𝑙𝑒 =

1

4
[
|α|2 α 0
α∗ 1 0
0 0 0

] 
(4.29) 

Where 𝛼 =
𝑆𝐻𝐻+𝑆𝑉𝑉

𝑆𝐻𝐻−𝑆𝑉𝑉
 and |𝛼| < 1 

The basis coherency matrix of volume scattering due to randomly oriented dipoles given as in equation 

(4.30) [66]; 

 
〈[𝑇]〉𝑣𝑜𝑙𝑢𝑚𝑒 =

1

4
[
2 0 0
0 1 0
0 0 0

] 
(4.30) 

 

The helix scattering which is not included in three component decomposition was added in four component 

decomposition model [65] which was implemented from Krogager decomposition algorithm follow the 

condition of reflection symmetry [66] [65] as; 

〈𝑆𝐻𝐻𝑆𝐻𝑉
∗ 〉 = 〈𝑆𝑉𝑉𝑆𝐻𝑉

∗ 〉 = 0 

The basis coherency matrix of helix scattering is given as in equation (4.31) [65]; 

 

〈[𝑇]〉ℎ𝑒𝑙𝑖𝑥 =
1

2
[
0 0 0
0 1 −j
0 ±j 1

] 
(4.31) 

By using basis coherency matrices of their respective scattering, equation (4.24) can be represented as; 

〈[𝑇]〉 =
𝑓𝑠
4

[
1 β∗ 0

β |β|2 0
0 0 0

] +
𝑓𝑑
4

[
|α|2 α 0
α∗ 1 0
0 0 0

] +
𝑓𝑣
4

[
2 0 0
0 1 0
0 0 0

] + 
𝑓𝑐
2

[
0 0 0
0 1 −j
0 ±j 1

] 
 

(4.32) 

The expansion coefficient 𝑓𝑠, 𝑓𝑑, 𝑓𝑣 and 𝑓𝑐  can be determined as [65]; 

Expansion coefficient of volume scattering (𝑓𝑣) can be represented as in equation (4.33); 

 𝑓𝑣 = 8〈|𝑆𝐻𝑉|2〉 − 4|𝐼𝑚〈(𝑆𝐻𝐻 − 𝑆𝑉𝑉)𝑆𝐻𝑉
∗ 〉| (4.33) 

Expansion coefficient of double bounce scattering (𝑓𝑑) represented as; 
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𝑓𝑑 =

1

2
〈|𝑆𝐻𝐻 − 𝑆𝑉𝑉|2〉 − 2〈|𝑆𝐻𝑉|2〉 

(4.34) 

Expansion coefficient of helix scattering 𝑓𝑐 can be given as;  

 𝑓𝑐 = 2|𝐼𝑚〈(𝑆𝐻𝐻 − 𝑆𝑉𝑉)𝑆𝐻𝑉
∗ 〉| (4.35) 

Expansion coefficient of surface scattering (𝑓𝑠) which is dependent on double bounce scattering can be 

expressed as (Yamaguchi et al., 2006) 

 

𝑓𝑠 =
1

2
〈|𝑆𝐻𝐻 + 𝑆𝑉𝑉|2〉 − 4〈|𝑆𝐻𝑉|2〉 −

|
1

2
〈(𝑆𝐻𝐻 + 𝑆𝑉𝑉)(𝑆𝐻𝐻 − 𝑆𝑉𝑉)∗〉|

2

𝑓𝑑
 

(4.36) 

The scattering power associated with the surface, double bounce, volume and helix scattering are𝑃𝑠, 𝑃𝑑 , 𝑃𝑣 

and 𝑃𝑐  respectively.  The scattering power can be represented in terms of their respective expansion 

coefficient as [22]; 

 𝑃𝑠 = 𝑓𝑠(1 + |𝛽|2) (4.37) 

 𝑃𝑑 = 𝑓𝑑(1 + |α|2) (4.38) 

 𝑃𝑣 = 𝑓𝑣 (4.39) 

 𝑃𝑐 = 𝑓𝑐 (4.40) 

The total scattering power is the sum of power of all scattering. The total scattering power (𝑃𝑡) can be 

represented as; 

 𝑃𝑡 = 𝑃𝑠 + 𝑃𝑣 + 𝑃𝑑 + 𝑃𝑐 (4.41) 

This total scattering power is the power generated from all the scattering like surface, volume, double bounce 

and helix scattering. 

4.3.4. Modelling Approach for AGB estimation 

This section is grouped in two subsections. The first subsection is a detailed description of modelling 

approach by applying Water Cloud Model and admitting canopy gaps in Water Cloud Model.  The second 

subsection is a detailed description of Extended Water Cloud Model by implying higher order scattering 

mechanisms as stem to ground interactions or ground to stem interactions. The section also provide the 

information for implication of Hybrid PolSAR data and fully PolSAR data in modelling approach of Water 

Cloud Model for retrieving forest biophysical parameters. 
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4.3.4.1. Water Cloud Model (WCM) 

The Water Cloud Model conception was first formulated by Attemma and Ulaby [47]. The concept of this 

model describes the relationship between forest biophysical parameters and the retrieved backscatter from 

vegetation. The basic premise of WCM is that the vegetation acts as a homogenous medium occupied by 

droplets of water. These droplets are assumed to be uniformly dispersed over horizontal plane surface that 

signifies ground surface. The incoming energy of EM wave incident upon the upper layer of the medium is 

partly transmitted back to the sensor and partly to the lower layer. Portion of the energy which is transmitted 

to lower layer is the attenuation of vegetation block. The model considers that all scatters follow the similar 

properties. This infers that the attenuation cross section and total cross section of radar endure same for all 

scatters. This implies that the total backscattered energy is characterised by the incoherent amount of 

scattered energy at each layer. Following are the key properties of WCM given by Santoro et al., [67]: 

 WCM does not comprise multiple reflections. Even bounce scattering between ground and 

vegetation i.e. higher order scattering are not included. 

 It considers only surface scattering from ground and from vegetation i.e. single scattering. 

 WCM considers vegetation as a homogenous medium. The gaps between canopies are excluded. 

 The water droplets in cloud are constituted by similar particles and thus consider as a homogenous 

medium. 

The WCM simply expressed as (Leeuwen, 1991): 

 𝜎𝑓𝑜𝑟
0 = 𝜎𝑣𝑒𝑔

0 + 𝜎𝑔𝑟
0 𝑇𝑡𝑟𝑒𝑒 (4.42) 

Where, 𝜎𝑓𝑜𝑟
0  = The forest backscatter 

            𝜎𝑣𝑒𝑔
0  = The backscatter from vegetation 

           𝜎𝑔𝑟
0  = Backscatter from ground and 

           𝑇𝑡𝑟𝑒𝑒 = The two way transmissivity of tree. 

Based on radiative transfer theory, another model was developed including canopy gaps which is similar to 

WCM. Water cloud model can be expressed including canopy gaps as [68]; 

 𝜎𝑓𝑜𝑟
0 = (1 − 𝜂)𝜎𝑔𝑟

0 + 𝜂[𝜎𝑔𝑟
0 𝑇𝑡𝑟𝑒𝑒 + 𝜎𝑣𝑒𝑔

0 (1 − 𝑇𝑡𝑟𝑒𝑒)]   (4.43) 

Where, 𝜂 = Area fill factor. 

On the basis of scattering from ground and scattering from vegetation, the water cloud model is shown in 

Figure 4-4. The incoming wave incident upon the top canopy layer and interacts with the canopy layer and 

then transmitted back by canopy surface to the sensor is expressed by 𝜎𝑣𝑒𝑔
0 . The incoming wave incident 
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upon the ground surface and transmitted back to the sensor is represented as 𝜎𝑔𝑟
0  i.e. backscattering from 

ground surface. 

Using area fill factor and the two way transmissivity, the WCM can be expressed as [3] [69]; 

 𝜎𝑓𝑜𝑟
𝑜 = 𝜎𝑔𝑟

0 𝑒−𝛽𝐵𝐴𝐺𝐵 + 𝜎𝑣𝑒𝑔
0 (1 − 𝑒−𝛽𝐵𝐴𝐺𝐵) (4.44) 

Where, 𝛽= empirically defined coefficient. 

           𝐵𝐴𝐺𝐵= aboveground biomass. 

 

Figure 4-4: Backscatter from upper canopy (𝜎𝑣𝑒𝑔
0 ) and from ground (𝜎𝑔𝑟

0 ) in WCM 

The two way attenuation for forest can be represented as inverse exponential of product of aboveground 

biomass “𝐵𝐴𝐺𝐵” and empirically defined coefficient “𝛽” [3] [69]. 

4.3.4.2. Extended Water Cloud Model (EWCM) 

Water cloud modelling approach mainly consider backscattering from ground surface and vegetation 

canopy. WCM doesn’t deliberate the higher order scattering like even bounce scattering. Even bounce or 

double bounce scattering mainly include stem to ground or ground to stem interactions. This should be 

interpreted by considering a longer wavelength (like L-band) [70]. The present water cloud modelling further 

extended including canopy gaps for higher order interactions for the vegetation cover. 
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a) Backscattering retrieval from ground stem interaction from canopy 

The backscattering from ground stem interaction involves the interaction of wave with ground first and 

then wave is reflected towards stem where wave hits the stem and then return back to the sensor. Another 

interaction may also occur in which incident wave hit the stem first and then reflected towards the ground 

where again it get reflected back towards the sensor. In both the cases this higher order interaction is named 

as double bounce scattering or even bounce scattering. Figure 4-5 shows that the incoming incident wave 

interacts with ground surface and reflected towards stem where it hits the stem and again reflected towards 

the sensor. 

 

Figure 4-5: Backscattering from ground stem interaction (𝜎𝑔𝑠
0 ) through canopy 

This backscattering contribution of such ground stem interactions can be expressed as 

             𝜂𝜎𝑔𝑠
0 𝑇𝑡𝑟𝑒𝑒 (4.45) 

Where, 𝜂 = The fraction of ground which is covered by canopy layer. 

           𝜎𝑔𝑠
0 = Backscattering from ground stem interactions. 

           𝑇𝑡𝑟𝑒𝑒= Two way transmissivity of tree. 

b) Backscattering retrieval from ground stem interactions from canopy gaps 

This backscattering involves the interaction of wave with ground and reflected towards the stem where it 

hits the stem and reflected back to the sensor through the gaps in the canopy. Figure 4-6 shows that the 

wave incident upon ground surface and reflected towards the stem where it hits and again reflected back 

towards the sensor through the canopy gaps. 
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Figure 4-6: Ground stem interaction through (𝜎𝑔𝑠
0 ) canopy gaps 

The backscattering contribution through the canopy gaps can be expressed as  

 (1 − 𝜂)𝜎𝑔𝑠
0  (4.46) 

Where, (1 − 𝜂) refers to the fraction of ground surface which is not covered by the canopy and 𝜎𝑔𝑠
0  refers 

to the ground stem backscattering. 

The extended water cloud modelling can be expressed including higher order interaction as [22]; 

 𝜎𝑓𝑜𝑟
0 = 𝜎𝑔𝑟

0 𝑒−𝛽𝐵𝐴𝐺𝐵 + 𝜎𝑣𝑒𝑔
0 (1 − 𝑒−𝛽𝐵𝐴𝐺𝐵) + 𝜎𝑔𝑠

0 𝑒−𝛽𝐵𝐴𝐺𝐵  (4.47) 

 Where, 𝛽= empirically defined coefficient. 

             𝐵𝐴𝐺𝐵= aboveground biomass. 

To retrieve the scattering information, PolSAR images are decomposed so that the constituent scattering 

can extracted from those images. The scattering mechanism involve in the decomposition techniques used 

in this study consist of surface scattering, volume scattering and double bounce scattering. The EWCM 

model fits because it involves the contribution of double bounce scattering also which can’t be included in 

WCM. There are four unknown parameters in equations (4.47) as; 

 Backscattering from vegetation (𝜎𝑣𝑒𝑔
0 ) 
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 Backscattering from ground stem interactions (𝜎𝑔𝑠
0 ) 

 Backscattering from ground surface (𝜎𝑔𝑟
0 ) 

 Empirically defined coefficient (𝛽) 

To simplify the model, unknown parameters are reduced using components which obtained from 

polarimetric decomposition. Vegetation backscattering which is generated from upper canopy is modelled 

using volume scattering obtained from decomposition. Backscattering from ground stem interactions which 

basically generated from interaction of wave with ground and then with stem is modelled using double 

bounce scattering from decomposition. The backscattering from ground surface which occur due to 

interaction of wave with bare ground or from the ground visible from the canopy gaps is modelled using 

surface scattering component from decomposition [22]. Total forest backscatter is the backscattering from 

forest which indicate total power and can be obtained by summing all decomposition components. 

Above mentioned process help in reducing the unknown parameters to one. The only remaining unknown 

parameter is empirically defined coefficient “𝛽”. This coefficient will be estimated distinctly for modelling 

of AGB. 
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5. RESULTS 

This Chapter gives a brief description of the results obtained from this study. The results consists of field 

data and decomposition components obtained from the Hybrid PolSAR data and fully PolSAR data. This 

chapter also describes semi empirically defined coefficient (𝛽) and biophysical parameter (AGB) retrieval 

using semi empirical modelling (WCM) with the accuracy assessment of Hybrid PolSAR results from field 

data as well as from fully PolSAR data.  

5.1. Hybrid Polarimetric Decomposition Components and Results 

This section gives a detailed description of the results obtained from Hybrid polarimetric decomposition 

techniques in aspects of their decomposition components. 

5.1.1. m-delta (m-δ) decomposition 

The m-delta decomposed images of different scatterings obtained from the Barkot forest area are shown in 

Figure 5-1 (a), Figure 5-1 (b) and Figure 5-2 (a). The shown images are grey values mages.  

 

Figure 5-1 (a) is the representation of the volume scattering occur from the upper canopy cover. The 

scattering which occur due to ground to stem or stem to ground interactions is shown in Figure 5-1 (b). 

Scattering results as a decomposed component from the ground surface is shown in Figure 5-2 (a). 

(a) Volume scattering (b) Double bounce scattering 

Figure 5-1: (a) Volume scattering image from m-delta decomposition (b) Double bounce scattering from 
m-delta decomposition 
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Figure 5-2: (a) Surface scattering image obtained from m-delta decomposition (b) RGB colour coded 
image of m-delta decomposition 

 

Figure 5-3: Contribution of surface, double bounce and odd bounce scattering for each sample plot. 

Figure 5-2 (b) is showing the RGB colour coded image based on the Backscattering Aspect (BSA) 

convention is obtained after applying the m-delta decomposition in which red pixel is an indication of 

(b) RGB image (a) Surface scattering 
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double bounce scattering, green is an indication of volume scattering and blue is an indication of odd bounce 

or surface scattering. Figure 5-3 is showing the backscatter value of surface, double bounce and volume 

scattering from each sample plots collected in the Barkot forest area implying high value of backscatter for 

volume scattering. 

5.1.2. m-chi (m-χ) decomposition 

The m-chi decomposed image obtained from volume scattering, double bounce scattering and surface 

scattering for the Barkot forest are shown in Figure 5-4 (a), Figure 5-4 (b) and Figure 5-5 (a) respectively.  

 

Figure 5-4: (a) Volume scattering image obtained from m-chi decomposition (b) Double bounce 
scattering image obtained from m-chi decomposition 

 

Figure 5-5: (a) Surface scattering image obtained from m-chi decomposition (b) RGB image obtained 
from m-chi decomposition 

(b) Double bounce scattering (a) Volume scattering 

(b) RGB image (a) Surface scattering 
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Figure 5-6: Volume, surface and double bounce scattering obtained after m-chi decomposition from all 
the sample plots 

All the scattering images shown in Figure 5-4 (a), Figure 5-4 (b) and Figure 5-5 (a) are grey level images. The 

RGB colour coded image obtained after m-chi decomposition is shown in Figure 5-5 (b). RGB colour coded 

image provide the scattering information as red colour of pixel is showing the contribution of double bounce 

scattering, green colour of pixel is an indication of volume scattering contribution and blue colour of pixel 

is showing the contribution of surface scattering. The contribution of the surface, volume and double 

bounce scattering from all the collected sample plots is shown in Figure 5-6. The Figure 5-6 is showing the 

contribution of all scattering for each plot which means all the shown backscatter value are based on the 

location chosen for each sample plot. 

5.1.3. m-alpha (m-α) decomposition 

The m-alpha decomposed images of volume scattering, double bounce scattering and surface scattering is 

shown in Figure 5-7 (a), Figure 5-7 (b) and Figure 5-8 (a) respectively. The mentioned images are showing 

the contribution as per their scattering target. Images shown in Figure 5-7 (a), Figure 5-7 (b) and Figure 5-

8 (a) are the grey level images.  
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Figure 5-7: (a) Volume scattering image obtained from m-alpha decomposition (b) Double bounce 
scattering image from m-alpha decomposition 

The RGB colour coded image obtained after m-alpha decomposition of Hybrid PolSAR data is shown in 

Figure 5-8 (b). The red colour of pixel in RGB image is showing the contribution of double bounce 

scattering, green colour of pixels is representing volume scattering at that location and blue colour of pixels 

is an indication of surface scattering from that location. Figure 5-9 is the representation of all the scattering 

retrieved from the sample plots collected in Barkot forest area in which volume scattering is dominant. 

 

 

Figure 5-8: (a) Surface scattering image obtained from m-alpha decomposition (b) RGB colour coded 
image obtained from m-alpha decomposition 

(b) Double bounce scattering (a) Volume scattering 

(b) RGB image (a) Surface scattering 
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Figure 5-9: Scattering information retrieved from m-alpha decomposition 

5.2. Fully Polarimetric Decomposition Components and Results 

Decomposition components obtained after Yamaguchi four component decomposition modelling of fully 

polarimetric data of Radarsat-2 are volume scattering, double bounce scattering, double bounce scattering 

and helix scattering shown in Figure 5-10 (a), Figure 5-10 (b) and Figure 5-11 (a) respectively. 

 

Figure 5-10: (a) Volume scattering image obtained from Yamaguchi decomposition (b) Double bounce 
scattering image obtained from Yamaguchi decomposition of Radarsat-2 data. 

(b) Double bounce 

scattering 
(a) Volume scattering 
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Figure 5-11: (a) Surface scattering image obtained from Yamaguchi decomposition of fully polarimetric 
data (b) RGB colour coded image obtained from Yamaguchi decomposition of fully polarimetric data. 

 

Figure 5-12: Scattering retrieved from the Yamaguchi decomposition for fully polarimetric data. 

The RGB colour coded image of Yamaguchi decomposition modelling is shown in Figure 5-11 (b). Figure 
5-11 (b) depicts that the red colour of pixel is double bounce scattering, blue colour of pixel is showing 

(b) RGB image (a) Surface scattering 
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surface scattering and green colour of pixel is volume scattering. Figure 5-12 represents the scattering 
contribution from all scatterers for each sample plot in the Barkot forest area. 

5.3. Comparisons of  Decomposition Components 

The results obtained from the decomposition modelling in aspect of scattering retrieved from each 

decomposition is given in Figure 5-13, Figure 5-14 and Figure 5-15. 

5.3.1. Volume Scattering:  

Figure 5-13 represents the variations in backscatter value among volume scattering retrieved from the m-

delta, m-chi, m-alpha and Yamaguchi decomposition. The maximum and minimum backscatter value 

obtained from m-delta decomposition are 0.833 and 0.141 respectively with the mean value as 0.447. The 

m-chi decomposition is also showing maximum backscatter value as 0.833 with minimum backscatter value 

as 0.218. The mean backscatter value obtained from m-chi is 0.433. Backscatter value obtained from m-

alpha is 0.732, 0.219 and 0.403 as maximum, minimum and mean backscatter value respectively. Volume 

scattering obtained from Yamaguchi decomposition represents maximum and minimum backscatter value 

as 0.846 and 0.103 respectively with the mean backscatter value as 0.416. 

 

Figure 5-13: Comparison of volume scattering with all decomposition methods used in this study 

5.3.2. Double Bounce Scattering:  

Figure 5-14 is the representation of variations in backscatter value among double bounce scatterings 

retrieved from all decomposition methods used in this study. The double bounce scattering retrieved from 

m-delta decomposition is showing maximum and minimum backscatter value as 0.2 and 0.032 with mean 

backscatter value as 0.131. The m-chi decomposition is providing maximum and minimum backscatter value 

as 0.17 and 0.07 respectively with the mean value as 0.119. The backscattering retrieved from m-alpha 

decomposition is showing 0.215 as maximum and 0.051 as minimum value with the 0.138 as mean 
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backscatter value. Yamaguchi is showing 0.173 as maximum, 0.06 as minimum and 0.126 as mean 

backscatter value. 

 

Figure 5-14: Comparison in double bounce scattering with all decomposition methods used in this study 

5.3.3. Surface Scattering:  

The surface scattering retrieved from all decompositions are shown in Figure 5-15.  

 

Figure 5-15: Comparison of surface scattering among all decompositions used in this study. 

Figure 5-15 describes that m-delta decomposition is giving 0.71 as maximum backscatter value, 0.048 as 

minimum backscatter value and 0.176 as mean of the volume scattering. The retrieved backscatter value 

from m-alpha ranges from 0.036 to 0.577 with the mean backscatter value 0.188. The m-chi decomposed 

component ranges from 0.042 to 0.87 as backscatter value for surface scattering with 0.182 as mean 
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backscatter value. The surface scattering retrieved from Yamaguchi decomposition ranges from 0.052 to 

0.291 with 0.165 as mean value. 

5.4. Relationship between Volume Scattering and Field Biomass 

As the volume scattering has prime contribution to see the vegetation cover in the forest area. Figure 5-16 

(a), Figure 5-16 (b) and Figure 5-17 (a) depicts the contribution of volume scattering with the field measured 

biomass for those sample plots which are taken in the Barkot forest area using Hybrid polarimetric 

decomposition. 

 

 

 

Figure 5-17: (a) Volume scattering obtained using m-alpha decomposition against field biomass (b) 
Volume scattering obtained using Yamaguchi decomposition against field biomass 

Figure 5-16: (a) Volume scattering obtained using m-delta decomposition against field biomass (b) 
Volume scattering obtained using m-chi decomposition against field biomass. 
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The volume scattering retrieved from the m-delta decomposition is showing R² = 0.0425 with the biomass 

measured in the field, given in Figure 5-16 (a). After applying m-chi decomposition and retrieving volume 

scattering is showing R² = 0.0001 with the field measured biomass depicted in Figure 5-16 (b). Figure 5-17 

(a) is showing the R² = 0.017 between field measured biomass and volume scattering retrieved from m-

alpha decomposition. Figure 5-17 (b) depicts the relation between volume scattering retrieved using fully 

PolSAR data and biomass measured in the field. The volume scattering and field measured biomass is 

showing R² = 0.4244. 

5.5. Relationship between Total Forest Backscatter and Measured Biomass 

The relation of total forest backscatter (𝜎𝑓𝑜𝑟
0 ) calculated from Hybrid PolSAR decomposition methods and 

fully polarimetric decomposition method with the biomass which was measured in the field is depicted in 

Figures 5-18 (a), Figure 5-18 (b), Figure 5-19 (a) and Figure 5-19 (b). 

 

The total backscatter obtained from m-delta decomposition given by Figure 5-18 (a) is showing R² = 0.0027 

with the biomass measured in the field. Figure 5-18 (b) and Figure 5-19 (a) is the depiction of the total 

backscatter retrieved from forest with biomass measured in the field for m-chi and m-alpha decomposition. 

The m-chi decomposed total backscatter is showing R² = 0.0005 with field measured biomass. While the R² 

value for total backscatter retrieved from forest with field measured biomass is 0.0036 for m-alpha 

decomposition. Figure 5-19 (b) is the representation of scatterplot drawn between total backscatter and field 

measured biomass. The total backscatter retrieved from forest using fully PolSAR data of Radarsat-2 is 

showing the R² = 0.2839 with the field measured biomass.  

 

 

Figure 5-18: (a) Total backscatter obtained from m-delta decomposition against field measured 
biomass (b) Total backscatter obtained using m-chi decomposition against field measured biomass 
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Figure 5-19: Total backscatter using m-alpha decomposition against field measured biomass (b) Total 

backscatter obtained using Yamaguchi decomposition against field measured biomass 

5.6. Parameter estimation of  EWCM and Results 

There are total five unknown parameters in the extended water cloud model. These are backscattering from 

canopy cover (𝜎𝑣𝑒𝑔
0 ), backscattering from ground to stem interactions or stem to ground interactions (𝜎𝑔𝑠

0 ), 

backscattering from ground surface (𝜎𝑔𝑟
0 ), total backscattering from forest (𝜎𝑓𝑜𝑟

0 ) empirically defined 

coefficient (𝛽) and AGB (𝐵𝐴𝐺𝐵). Polarimetric decomposition algorithms used to calculate parameters like 

𝜎𝑣𝑒𝑔
0 , 𝜎𝑔𝑠

0 , 𝜎𝑔𝑟
0  and 𝜎𝑓𝑜𝑟

0  which reduces the number of unknown parameters to one i.e. (𝛽). This empirically 

defined coefficient helps in calculating required AGB.  

5.6.1. Retrieval of 𝜷  

The required backscattering parameters of EWCM are retrieved using the polarimetric decomposition 

techniques like m-delta, m-chi, m-alpha and Yamaguchi decomposition. The retrieved backscattering is from 

their respective volume, double bounce and surface targets. The empirically defined coefficient (𝛽) is derived 

from in-situ measurements in the Barkot forest area. There were 49 plots available to perform this study out 

of which 15 sample plots has been taken into account to calculate the parameter 𝛽. Remaining samples plots 

retained to perform the modelling of AGB.  

Those plots which were used to calculate the 𝛽 parameter are mostly those plots which show less volume 

scattering with high biomass. To calculate 𝛽, same plots are used for each decomposition techniques i.e. m-

chi, m-delta, m-alpha and Yamaguchi decomposition. The relation of 𝛽  parameter with the scattering 

components, field measured AGB (in-situ measurements) and the total backscatter from forest can be given 

using equation (4.47) as 
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𝛽 = −

1

𝐵𝐴𝐺𝐵
ln (

𝜎𝑓𝑜𝑟
0 − 𝜎𝑣𝑒𝑔

0

𝜎𝑔𝑟
0 − 𝜎𝑣𝑒𝑔

0 + 𝜎𝑔𝑠
0 ) 

(5.1) 

Where, 𝐵𝐴𝐺𝐵=Aboveground Biomass (t ha-1). 

In this study, for the estimation of 𝛽, it was assumed that the double bounce scattering occurs from the 

vegetation (in the case of forest). As the C-band data was used to perform the study which has low canopy 

penetration ability than L-band. Hence, the backscatter from ground to stem interactions is added to the 

backscatter from the vegetation which turned equation (5.1) as; 

 
𝛽 = −

1

𝐵𝐴𝐺𝐵
ln (

𝜎𝑓𝑜𝑟
0 − (𝜎𝑣𝑒𝑔

0 + 𝜎𝑔𝑠
0 )

𝜎𝑔𝑟
0 − 𝜎𝑣𝑒𝑔

0 + 𝜎𝑔𝑠
0 ) 

(5.2) 

The particulars of estimated 𝛽 values for the all the decompositions such as m-delta, m-chi, m-alpha and 

Yamaguchi using equation (5.2) is shown in Table (5-1) which will be further used in AGB modelling. The 

estimated 𝛽 value for all the remaining sample plots is kept constant as per their polarimetric decomposition. 

The unit of 𝛽 parameter is ha/m3. 

Table 5-1. Estimated 𝛽 for AGB modelling 
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𝛽 (ha/m3) 

m-delta 

Decomposition 

m-chi 

Decomposition 

m-alpha 

Decomposition 

Yamaguchi 

Decomposition 

0.003045 0.003233 0.002853 0.003037 

 

5.6.2. Retrieval of AGB using EWCM 

The extended water cloud model is used to model the AGB by upturning the equation (5-1). The 𝛽 value is 

used as mentioned in Table (5-1) of their particular decomposition technique for modelling AGB. The 

EWCM approach is applied on those 39 sample plots which are not included in the 𝛽 parameter estimation. 

For modelling AGB including 𝛽 value, the transformed formula can be given as  

 
𝐵𝐴𝐺𝐵 = −

1

𝛽
ln(

𝜎𝑓𝑜𝑟
0 − (𝜎𝑣𝑒𝑔

0 + 𝜎𝑔𝑠
0 )

𝜎𝑔𝑟
0 − 𝜎𝑣𝑒𝑔

0 + 𝜎𝑔𝑠
0 ) 

(5.3) 
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The scatterplots are generated from field measured biomass and modelled AGB. Figure 5-20 (a) depicts the 

scatterplot of modelled AGB using m-delta decomposition and field biomass. Figure 5-20 (b) represents the 

scatterplot between modelled AGB using m-chi decomposition and field biomass. 

 

 

Figure 5-21 (a) shows the scatterplot between modelled AGB using m-alpha decomposition and field 

measured biomass. Figure 5-21 (b) represents the scatterplot generated between modelled AGB using 

Yamaguchi decomposition and field biomass. 

  

The Figure 5-20 (a), Figure 5-20 (b), Figure 5-21 (a) and Figure 5-21 (b) are showing correlation between 

modelled AGB and field biomass. All the scatterplots are showing positive correlation between modelled 

AGB and field biomass. Using polarimetric decomposition components of m-delta decomposition for 

modelling AGB is showing R² value as 0.3977 with field biomass. The R² value for modelling AGB using 

Figure 5-20: (a) Modelled AGB using m-delta decomposition against field biomass (b) Modelled AGB 
using m-chi decomposition against field biomass 

Figure 5-21: (a) Modelled AGB using m-alpha decomposition against field biomass (b) Modelled AGB 
using Yamaguchi decomposition against field biomass 
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m-chi decomposed components with field biomass is 0.4677. The R² value using m-alpha decomposed 

components for modelling AGB with field biomass is 0.5127. Using Yamaguchi decomposed components 

for modelling AGB is showing R² value as 0.4625 with field measured biomass. 

5.7. Performance Analysis  

The performance of parameters derived from modelling approach is verified using field measured data. The 

accuracy of the modelled AGB is estimated using field measured biomass.  

The Root Mean Square Error (RMSE) is calculated for the modelled AGB with respect to biomass measured 

in the field with the help of given formula. 

 

𝑅𝑀𝑆𝐸 = √∑ (𝐴𝐺𝐵𝑚𝑜𝑑𝑒𝑙𝑙𝑒𝑑(𝑖) − 𝐴𝐺𝐵𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑(𝑖))
2𝑁

𝑖=1

𝑁
   

 

(5.4) 

Where, 𝑁 represents number of sample plots, 𝐴𝐺𝐵𝑚𝑜𝑑𝑒𝑙𝑙𝑒𝑑 represents modelled AGB and 𝐴𝐺𝐵𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 

represents the field measured biomass. Here the value of 𝑁 is 39. 

Table 5-2. RMSE obtained for modelled AGB and field biomass 
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𝑅𝑀𝑆𝐸 (t ha-1) 

m-delta 

Decomposition 

m-chi 

Decomposition 

m-alpha 

Decomposition 

Yamaguchi 

Decomposition 

64.422 45.995 63.156 73.424 

The Table (5-2) represents that using EWCM the modelled AGB for m-delta, m-chi, m-alpha and 

Yamaguchi decomposition is 64.422 (t ha-1), 45.995 (t ha-1), 63.156 (t ha-1) and 73.424 (t ha-1) respectively. 

The RMSE of m-delta and m-alpha is nearly equal. The RMSE of Yamaguchi is higher than other i.e. 73.424 

(t ha-1) while the RMSE of m-chi decomposition is lower i.e. 45.995 (t ha-1).  

The accuracy of modelled AGB is calculated for all the decomposition like m-delta, m-alpha, m-chi and 

Yamaguchi. The accuracy represents how much closer the modelled AGB follows field measured biomass. 

The formula for percent accuracy can be given as 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (%) =

[
 
 
 

1 −
√

1

𝑁
∑ (𝐴𝐺𝐵𝑚𝑜𝑑𝑒𝑙𝑙𝑒𝑑(𝑖) − 𝐴𝐺𝐵𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑(𝑖))

2𝑁
𝑖=1

𝐴𝐺𝐵𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑(𝑖)

]
 
 
 

× 100 

(5.5) 

Where, 𝐴𝐺𝐵𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑= Biomass measured in the field 

            𝐴𝐺𝐵𝑚𝑜𝑑𝑒𝑙𝑙𝑒𝑑= Estimated AGB using modelling approach 

The Table (5-3) represents the percent accuracy obtained in the modelled AGB using m-delta, m-chi, m-

alpha and Yamaguchi decomposed components. 

Table 5-3. Percent accuracy for modelled AGB 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (%) 

m-delta 

Decomposition 

m-chi 

Decomposition 

m-alpha 

Decomposition 

Yamaguchi 

Decomposition 

71.01 79.30 71.58 66.96 

The m-delta decomposition is showing 71.01% accuracy in modelled biomass with respect to field measured 

biomass. The m-chi decomposition is showing 79.30% accuracy. Modelled biomass is showing 71.58% 

accuracy with field measured biomass in m-alpha decomposition while Yamaguchi decomposition is 

showing 66.96% accuracy in aspect of modelled biomass and field measured biomass. The modelled biomass 

using m-chi decomposed components is showing better accuracy as 79.30% while modelled AGB using 

Yamaguchi decomposed components is showing less accuracy 66.96% than remaining decomposition 

methods. 
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6. DISCUSSION 

The present chapter deals with the discussion related to the results obtained and the analysis done to find 

out the best possible reasons concerning the results.     

This research work deals with the estimation of AGB using hybrid polarimetric data and fully polarimetric 

data. The interpretation of the outcomes attained using hybrid PolSAR data i.e. RISAT-1 and fully 

polarimetric data i.e. Radarsat-2 forms the basis of this study. This hybrid polarimetric data is used for 

decomposition modelling and for the estimation of above ground biomass. Various inferences are drawn 

based on the analysis of the results. The discussion of the results is done in four parts corresponding to the 

four objectives.  

Hybrid PolSAR data and fully polarimetric SAR data were used to obtain the scattering elements i.e. surface 

scattering, volume scattering and double-bounce scattering. Three types of decomposition techniques were 

used for the hybrid polarimetric data namely, m-delta, m-chi and m-alpha. For each of the decomposition 

technique scattering elements were obtained. For the given study area volume scattering dominates the 

surface scattering and double-bounce scattering for m-delta decomposition technique as shown in figure 5-

3. This is due to the fact that the present study area is conquered by the dense forest. Hence, most of the 

scattering occurs in the upper canopy layer. The similar pattern is observed for all three types of 

decomposition techniques i.e. m-delta, m-chi and m-alpha and for fully polarimetric data as well.   

Previous research work dealt with extraction of scattering elements using m- delta and m-chi decomposition 

techniques. Raney et al., in [71] showed that m-delta decomposition produced anomalous results in retrieval 

of scattering elements for lunar surface. Saran et al., [72] used m-chi decomposition for retrieval of scattering 

elements from lunar surface and found significant results. The decomposition based modelled output were 

compared for each of the scattering element i.e. surface scattering, double-bounce scattering and volume 

scattering. For volume scattering maximum backscatter value was found to be 0.899, 0.833, 0.732 and 0.846 

for m-delta, m-chi, m-alpha and Yamaguchi decomposition respectively. On the other hand the backscatter 

values were found to be very low for rest of the two scattering elements i.e. surface scattering and double-

bounce scattering. The backscatter value of volume scattering for all decompositions are nearly close to each 

other. The reason may be that degree of polarization (m) is sensitive indicator of volume scattering which 

is same for all the hybrid polarimetric decompositions i.e. m-delta, m-chi and m-alpha. As the Barkot forest 

area is densely packed with the canopy cover hence, the incoming C-band waves first interact with the top 

canopy layer giving high values for the volume scattering. On the other hand, some of the waves may 

penetrate through the canopy layer and double bounce scattering occur due to ground stem interactions or 

stem ground interactions. Also, due to the canopy gaps surface scattering may also occur. But the present 

study area is composed of quite dense forest hence volume scattering is dominating.    
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A semi-empirical model i.e. EWCM was used to estimate AGB for both types of datasets i.e. hybrid 

polarimetric data and fully polarimetric data. The parameters required for AGB calculation was determined 

using polarimetric decomposition techniques such as m-delta, m-chi, m-alpha and Yamaguchi 

decomposition.  

The scatter plots are used for the analysis of the results. Figure 5-16 and Figure 5-17 compares the volume 

scattering with the field biomass data collected during the field work in the Barkot forest area. For 

polarimetric decomposition such as m-delta, m-chi, m-alpha, backscatter values of volume scattering shows 

weak correlation with field measured biomass. The reason may be that there is not much increment in the 

field measured biomass as the field measured biomass for most of the plots generally ranges between 200 (t 

ha-1) to 250 (t ha-1). Hence for those plots the volume scattering is generally similar to field measured biomass 

ranging from 200 (t ha-1) to 250 (t ha-1). Whereas, the backscatter values of volume scattering increases with 

the field measured biomass for fully polarimetric data. The reason may be that before deorientation of fully 

polarimetric data, the volume scattering is overestimated. In Figure 5-18 and Figure 5-19, the correlation 

between total forest backscatter and the field measured biomass has been depicted. For all the three 

decompositions i.e. m-delta, m-chi and m-alpha there is not much variation in total backscatter with respect 

to the filed measured biomass. The reason may be that the C-band wavelength used for the present study 

penetrates the forest area to a lesser extent which affects the total forest backscatter. On the contrary, total 

backscatter increases with the increase in the field biomass for fully polarimetric data and showing positive 

correlation. The reason for this is that with the increase in AGB the volume scattering also increases which 

leads to elevated values of total backscatter. Hence, the AGB shows linear relationship with the total forest 

backscatter values.  

The AGB calculated with the help of semi-empirical model was compared with the field data.  On 

comparison it was found that the m-alpha decomposition shows highest correlation i.e. 0.5129 among others 

i.e. m-delta, m-chi and Yamaguchi decompositions. The purpose of comparison between the modelled 

biomass and the field biomass is carried out to find the relation between the modelled values and the actual 

ground values. Although the volume scattering, the total backscatter and the biomass shows weak 

correlation but there is a positive correlation between modelled biomass and the field biomass which comes 

out to be quite high. This is due to the plots used in present study are quite homogeneous giving high field 

biomass. Due to the dense forest the volume scattering comes out to be high leading to high total 

backscatter. This gives high values of modelled AGB calculated using semi-empirical model i.e. EWCM. 

Hence there exists a positive and linear correlation between modelled AGB and field biomass.  

The study conducted by Chandola [17] depicted that the R² values between volume scattering using 

Yamaguchi decomposition against field biomass (for the 45 plots) for master image as 0.457 and for slave 

image as 0.471. Whereas, R² values in the present study for volume scattering using Yamaguchi 
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decomposition against field biomass is 0.4244. The R² value in research work by Chandola [17] for total 

backscatter against field biomass for master and slave image was 0.468 and 0.24 respectively but for the 

current study R² value came out to be 0.28. The comparison between modelled biomass against field biomass 

showed R² value as 0.496 [17] using IWCM and 0.4625 (for present study) using EWCM. The reason for 

this disparity may be due to the seasonal variations in the data and difference in the number of plots taken 

for the same study area Barkot forest. The variations in results are also due to the different models used for 

AGB estimation.    

At last performance analysis is done by calculating RMSE for modelled AGB with respect to the biomass 

measured in the field. The decomposition model that performed best was m-chi decomposition technique 

with RMSE of 45.995 (t ha-1). The m-chi decomposition technique also performed significantly for lunar 

surface in differentiating the even-bounce backscatter against odd-bounce backscatter as concluded in 

research work by Bhavya [73]. Yamaguchi decomposition performed worst giving the RMSE of 73.424 (t 

ha-1). The best accuracy was 79.30% for m-chi decomposition. Least accuracy was corresponding to the 

Yamaguchi decomposition i.e. 66.96%. The other two decomposition models i.e. m-delta and m-alpha 

performed at par with 71.01% and 71.58% accuracy. These performance analysis results are summarized in 

Table (5-2) and (5-3). The variation in the results obtained from each decomposition may be due to the 

parameters (m, 𝛿, 𝜒 and 𝛼)  considered for decomposition modelling. 
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7. CONCLUSION AND RECOMMENDATIONS 

7.1. Conclusion 

The prime objective of this research was to evaluate the potential of Hybrid PolSAR for implying 

decomposition modelling to estimate the AGB as stated in first chapter. 

A model based approach was used to estimate AGB. Water Cloud Model was used to retrieve the forest 

stand parameter i.e. AGB and which is a semi-empirical model. This model was extended for the ground to 

stem interactions and applied in this study as Extended Water Cloud Model. This model was trained using 

49 plots. Out of 49 plots, 15 plots were taken to estimate the semi-empirically defined coefficient with the 

help of in-situ measurements. Remaining 34 plots were used to estimate the AGB. Precise estimates of 

backscatter from vegetation, backscatter from ground to stem interactions, backscatter from ground surface 

were obtained. The model well described the relation of backscatter values with the field measured biomass.   

Total four decomposition models were used to retrieve the scattering elements. Three decomposition 

modelling approach were used for Hybrid PolSAR data and one for fully PolSAR data. Hybrid PolSAR 

decomposition modelling used in this study are m-delta decomposition, m-chi-decomposition and m-alpha 

decomposition. Decomposition method for fully PolSAR data which was used in this study was Yamaguchi 

four component decomposition modelling.  

AGB estimation using Extended Water Cloud Model for m-delta decomposition showed R² value as 0.3977. 

The estimate RMSE was found as 64.422 (t ha-1). On the basis of the results obtained from this 

decomposition method, the accuracy was found to be 71.01%. The m-chi decomposition showed R² value 

as 0.4677 for modelled biomass. The RMSE was calculated and found to be 45.995 (t ha-1). The calculated 

accuracy for m-chi decomposition was 79.30%. The m-alpha decomposition showed R² value as 0.5127 for 

AGB estimation with estimated RMSE was 63.156 (t ha-1). The accuracy for m-alpha decomposition was 

found as 71.58%. 

Another statistical measure was used for the analysis of the results i.e. correlation coefficient (R). It shows 

the relationship between two quantities. On comparison of the correlation coefficient values, it was found 

that the R values were nearly close for m-chi, Yamaguchi and m-alpha decomposition. Although the m-chi 

and m-alpha varied significantly. There was a huge difference in the values of RMSE for m-chi, Yamaguchi 

and m-alpha decomposition as 45.995 (t ha-1), 73.424 (t ha-1) and 63.156 (t ha-1) respectively. Since the RMSE 

value for m-chi is lowest among all, hence m-chi outperformed all other decompositions. 
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7.2. Answers to Research Questions  

a) What will be the significance of Stokes parameters for scattering element retrieval using Hybrid 

PolSAR data? 

Scattering element retrieval using Hybrid PolSAR data depends on the parameters used in the Hybrid 

PolSAR decomposition technique (m, δ, χ and α) and Stokes first parameter (𝑆1). The volume scattering 

is sensitively indicated by m, Characterization of even bounce against odd bounce is sensitively indicated 

by δ (in m-δ decomposition) and χ (in m-χ decomposition) and α shows the scattering mechanism. All 

these parameters ultimately depend on Stokes parameter. Hence, variation in the Stokes parameter value 

affects the contribution of scattering element in the Hybrid PolSAR decomposition technique. 

b) Which decomposition techniques can be used for retrieval of surface, double bounce and volume 

scattering information using Hybrid pol data? 

There are three decomposition techniques that can be used for retrieval of surface, double bounce and 

volume scattering information using Hybrid pol data which was based on four parameters i.e. m, delta, 

chi and alpha. They are m-delta, m-chi and m-alpha decomposition. 

c) How to retrieve semi-empirical modelling parameters from Hybrid PolSAR data for AGB 

estimation? 

There are four unknown parameters in semi-empirical modelling like EWCM (used in this study). They 

are backscatter from ground surface, backscatter from ground to stem interactions or stem to ground 

interactions, backscatter from vegetation and semi-empirically defined coefficient which are then 

reduced to one i.e. semi-empirically defined coefficient. The remaining semi-empirical modelling 

parameters retrieved by using decomposition techniques for Hybrid PolSAR data. The field measured 

biomass of 15 plots and decomposition components obtained from Hybrid PolSAR data are then used 

to estimate the semi-empirically defined coefficient. 

d) To what extent the scattering information retrieved from Hybrid PolSAR differ from fully 

polarimetric SAR? 

The backscatter values of volume scattering for hybrid PolSAR data was more than the backscatter 

values of volume scattering obtained using fully polarimetric data before deorientation. The backscatter 

values of volume scattering were found to be 0.899, 0.833 and 0.732 for m-delta, m-chi and m-alpha. 

For Yamaguchi decomposition the backscatter values of same scattering was found to be 0.846.    

e) How viable is the Hybrid PolSAR techniques for the estimation of AGB in comparison to the 

results obtained from fully PolSAR based AGB estimation and field data? 
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On comparing the accuracy assessment results it was found that hybrid polarimetric data is more viable 

for AGB estimation than before deoriented fully polarimetric data. This is based on the fact that RMSE 

was 64.422 (t ha-1), 45.995 (t ha-1) and 63.156 (t ha-1) for m-delta, m-chi and m-alpha respectively. For 

Yamaguchi decomposition the RMSE was 73.424 (t ha-1). The correlation coefficient values were 

0.63063, 0.6838, 0.7160 and 0.68007 for m-delta, m-chi, m-alpha and Yamaguchi decomposition 

respectively. The percentage accuracy for modelled ABG was 71.01%, 79.30% and 71.58% for m-delta, 

m-chi and m-alpha respectively. Whereas, Yamaguchi decomposition gave an accuracy of 66.96%. On 

the basis of statistical parameter i.e. correlation coefficient, RMSE and percent accuracy, the m-chi 

decomposition was found to be better than other decompositions for the estimation of AGB.    

7.3. Recommendations 

To further improve this research work for increasing the consistency of decomposition modelling for AGB 

estimation, some of the recommendations are enlisted below. 

 The current research work used Hybrid PolSAR data with C-band for estimating AGB. The L-band 

data can also be used for enhancing the AGB estimation as the longer wavelength would affect the 

results. 

 The present work was carried out in Barkot forest which is a homogeneous forest assisted by Sal 

and mix Sal to estimate the potential of Hybrid polarimetric decomposition modelling. The 

decomposition modelling can also be tested for heterogeneous forest to check the reliability of 

modelling approach. 

 The current research focuses on the generation of Stokes parameters for retrieving the scattering 

information for the Hybrid polarimetric decomposition modelling. A pseudo quad pol method 

should also be implied for retrieving scattering information using decomposition modelling. 

 In this research work semi-empirical modelling was applied to estimate the AGB. A regression 

approach should also be tried to estimate and analyses the AGB. 
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APPENDIX A 

The Poincaré Polarization Sphere: 

Any quasi monochromatic wave may be represented using Stokes parameter (S1, S2, S3 and S4). The 

polarization of a wave using these parameters can be represented by Poincaré sphere (Figure A-1). This 

representation helps in visualizing the polarization effects. These Stokes parameter can be observed as the 

cartesian coordinates of a point on a sphere (Poincaré sphere) which determines a specific location on the 

conceptual spherical surface analogous to the polarized portion of the wave. Hence, represents a unique 

mapping location of a point on sphere and a polarization state. 

 

 

 

 

The Figure A-1 represents the mapping between location of a point on the surface of sphere and 

polarization state as; 

 Linear polarization map to points on the equator. 

 Circular polarization map to points on the poles. 

 Orthogonal polarization are anti-podal means map to points on opposite side of the sphere. 

 

 

 

Figure A-1: The Poincaré Sphere 


