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ABSTRACT 

In this thesis research, we examined the application of L-band ALOS-2 PALSAR-2 SAR data to model the 

AGB/carbon stock and carbon sequestration of the tropical rainforest. The SAR parameters were evaluated 

on the basis of the single SAR backscatter image, time series analysis of SAR backscatter, together with an 

analysis of the influence of combined HV, HH backscatter on AGB estimation. Also, the Saturation effect of 

radar backscatter for AGB estimation was established by determining the saturation level at which AGB 

prediction tend to level off. The seasonal (Moist, Dry) dependence of SAR backscatter for AGB estimation 

were also analysed. The satellite SAR data used for this study were represented by a time series of SAR images 

acquired in three-time periods of the years September- 2006, January-2017 and September 2017 by the 

ALOS-2 PALSAR-2 sensor. The study area is in the tropical rainforest Berkelah-Malaysia and represented a 

typical managed complex tropical rainforest land. Relationship of different L-band SAR parameters, their 

temporal stability was studied along with reference field AGB data calculated from forest DBH and tree 

height measurements. Further, two polarimetric parameters, cross-polarisation and co-polarization 

backscatter, were chosen for further investigation and AGB retrieval.  

A relationship between forest AGB and L-band SAR parameters were established using the linear, 

logarithmic, and Multiple regression approaches. Ways of obtaining the optimal combination of L-band SAR 

images were evaluated as well. For a single scene, the best results were observed with HV-polarized 

backscatter (R2 ≈ 0.82, RMSE ≈ 79tons ha-1) and (R2 ≈ 0.87, RMSE ≈ 68tons ha-1) using logarithmic 

regression for scenes acquired in September - 2016 and September - 2017 conditions respectively. SAR 

backscatter saturation was estimated at 270tons ha-1, the point at which SAR backscatter response to AGB 

started to decrease by 0.02dB. At the same time, AGB validation result with an (R2 ≈ 0.8, RMSE ≈ 84tons ha-

1) and (R2 ≈ 0.78, RMSE ≈ 88tons ha-1) was achieved for logarithmic and linear regression analysis of HV 

backscatter respectively. Hence, logarithmic regression was a better predictor of AGB than using linear 

regression. Multiple aggregations of HV, HH did not significantly improve the AGB estimates for both 

studied SAR parameters with p-value >0.05. The stronger achievement was observed in the estimation of the 

amount of carbon sequestration between September 2016 to September 2017. An estimated total of 3.62tons 

ha-1 of carbon was sequestered in Berkelah forest in one year. This study proved that combining temporal 

series of SAR scenes could be a better estimator of carbon sequestration.  

On the relationship between forest height from L-band interferometry and LiDAR, an (R2 ≈ 0.56, RMSE ≈ 

4m) was obtained. Finally, the backscatter distribution in the study area was studied using the tomographic 

slice in the azimuth direction. Backscatter contribution to AGB estimates was observed to come from both 

ground and forest canopy, most of the high-power backscatter was detected to come from the ground floor 

<10m height, indicating that there is an influence of ground signal to backscatter relationship with forest 

AGB. 

In general L-band, SAR backscatter has proved to have a significant potential for AGB/carbon stock 

estimation and carbon sequestration. It provides an opportunity for climate change programs (REDD+) to 

engage more in using SAR data for forest carbon monitoring. However, challenges of SAR backscatter 

saturation, moisture effect on SAR backscatter and accurate forest height estimation for AGB estimation 

using SAR data, still need to be addressed. 

Keywords: Aboveground biomass, Synthetic Aperture Radar, Interferometry, Tomography, Tropical forests. 
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1. INTRODUCTION 

1.1. Background 

Forests cover represents 1/3 of the earth’s surface (FAO, 2005). Primarily, tropical rain forests play a 

significant role in global climate change, through their unique nature of carbon sequestration, which regulates 

the worldwide as well as local temperatures (Djomo et al., 2017). By taking into account only tropical regions, 

deforestation accounts for up to 20% of the carbon dioxide emitted by human activities each year (Ho Tong 

Minh et al., 2014).  Thus, on accounting to reduce emission from tropical forest, the United National 

Framework Convention on Climate Change developed a program known as REDD+ to contribute to 

reducing the emissions from deforestation and forest degradation. The mechanism creates a financial value as 

an incentive to the parties, particularly developing countries which reduce carbon emission from forests 

(FAO, 2017). 

 Based on REDD+, the developing countries can reduce emissions from deforestation and forest 

degradation, by implementing either sustainable forest management, avoiding deforestation, avoiding forest 

degradation, forest conservation or by enhancing forest carbon stock (FAO, 2017). To be able to claim the 

financial benefit for reduced emission, the parties are required to present the proof of increased 

biomass/carbon stock in their forests. To achieve that several methods have been proposed to quantify the 

change in forest biomass/carbon stock (The REDD Desk, 2017). 

Measuring Reporting and Verification (MRV) is the mechanism that REDD+ program is proposing to all 

parties, for which it recommends the use of different remote sensing techniques such as very high-resolution 

satellite images, SAR images (backscatter) and LiDAR to assess above-ground biomass and carbon stock 

(FFPRI, 2012). 

Above ground biomass (AGB) is one of the larger global carbon pool and it has an impact on the ecology 

and earth’s climate system (FAO Climate Energy and Tenure Division, 2009). Making it an important 

parameter to monitor for changes in atmospheric carbon dioxide (Lucas et al., 2015). There are various 

methods for AGB/carbon stock estimation, ranging from destructive measurement to nondestructive 

measurement which involves the use of allometric equations, use of remote sensing data and forest growth 

models (Lucas et al., 2015). The destructive measurements for biomass estimation have reasonable accuracies 

(Gibbs et al., 2007). However, the high cost, labour requirement and time, limit its application on a larger 

scale, making the non-destructive method using remote sensing data the best suitable practical option to 

predict AGB on more major scales forest with reasonable effort (Villard et al., 2016). 

Remote sensing data ranging from optical to active have been used for AGB/carbon stock estimation for 

some decades (Lucas et al., 2015). However, the active sensors (LiDAR and Radar) are said to have high 

accuracy in estimating AGB/carbon stock (Gibbs et al., 2007). This is due to their ability to derive the forest 

parameters, such as forest stand and trees height, diameter at breast height(DBH) and forest volume (Caicoya 

et al., 2015; Joshi et al., 2015; Kaasalainen et al., 2015; Sarker et al., 2012). While passive sensors which utilise 

the canopy visible and IR reflections, vegetation indices have been used as proxies for AGB/carbon stock 

(Lu et al., 2004; Powell et al., 2010). 

LiDAR provides high accurate tree height, and DBH measurements for AGB estimation thus considered the 

most accurate sensor for AGB estimation (Rahman et al., 2017; Strahler et al., 2008). However, LiDAR data 

availability are limited by acquisition from an airborne laser scanner or a Terrestrial laser scanner (Liang et al., 
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2016; Rahman et al., 2017). Thus, its applications are restricted due to small area coverage, the high cost of 

operations and cloud cover free conditions requirement (Gibbs et al., 2007). Unlike LiDAR, Radar system 

below x-band frequencies are not hampered by cloud cover or other effects like fog or haze; they provide 

continuous earth coverage for monitoring forests trend and other environmental factors (Hong Tong Minh et 

al., 2012; Omar et al., 2015; Villard et al., 2016). The Radar wavelength bands L and P are key for AGB 

estimation, as their backscatters are related to tree trunks and branches volume scattering which contribute to 

total forest biomass (Villard et al., 2016). 

This study, therefore, sets out to model above-ground biomass/carbon stock and estimate the carbon 

sequestration, using L-band cross polarised ALOS-2 PALSAR-2 satellite data along with  Laser Scanner data 

in a tropical rain forest of Berkelah, Malaysia.  The study explores the possibility of obtaining a highly 

accurate model which can best predict the above ground biomass/carbon stock. Estimate carbon 

sequestration. Estimate forest height from L-band ALOS-2 PALSAR-2 SAR images by interferometry 

analysis and assess the effect of vertical backscatter distribution for accuracy of AGB/Carbon stock 

estimation using SAR tomography analysis. 

1.2. Problem statement and justification 

REDD+ proposes the need for an accurate Measuring, Reporting and Verification (MRV) system for AGB 

(Gibbs et al., 2007), this increases the demand for a model, to accurately and precisely predict the above-

ground biomass in various forest ecosystems. 

The ALOS-2 L-band cross polarised PalSAR backscatter data have been used satisfactorily for AGB/carbon 

stock estimation, due to a reasonable correlation that exists between its backscatter values and the 

AGB/carbon stock (Odipo et al., 2016; Sumareke, 2016). However, due to the density and structure of 

tropical forests, the use of radar backscatter to retrieve AGB/carbon stock is challenging, and it leads to AGB 

underestimation (Ho Tong Minh et al., 2014; Hong Tong Minh et al., 2012; Villard et al., 2016). L-band radar 

can estimate tropical forests AGB up to 150 tons per ha and tend to saturate with high AGB >150 tons/ha 

(Villard et al., 2016).The main reason for the under-estimation of AGB/carbon stock being the decrease in 

intensity sensitivity of the radar backscatter, also known as saturation effect (Ho Tong Minh et al., 2014; Hong 

Tong Minh et al., 2012). For this reason, different images processing techniques such as SAR tomography 

have been developed and used to exploit the 3D backscatter power distribution of radar signals to reduce the 

SAR saturation effect and hence increase the amount of AGB estimation (Ho Tong Minh et al., 2014). 

Few studies, specifically in tropical forests has been done to identify the saturation point of backscatter for 

AGB Estimation (Hamdan et al., 2015; Imhoff, 1995; Mermoz et al., 2014; Mermoz et al., 2015). Thus, it 

becomes challenging to answer questions like; at which AGB values the relation between AGB and SAR 

backscatter can no longer be derived? Knowing clearly the maximum point at which backscatter can be used 

to model AGB, will be of great advantage to developing AGB models based on forest density and structure. 

Also, it will help in identifying the best time of the year for which the corresponding SAR data can be used to 

estimate AGB. 

Advanced SAR image processing technique, such as the use of SAR tomography, has shown to reduce the 

saturation effect of radar images for AGB estimation (Mermoz et al., 2014). By increasing the accuracy and 

quantity of AGB estimation as well as the prediction power of radar data (Chehade et al., 2016; Ho Tong 

Minh et al., 2014, 2015; Kumar et al., 2017; Li et al., 2015). AGB can be estimated by considering not only the 
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backscattered values at each slant range and azimuth location but also its vertical distribution by generating 

vertical layers at different heights preferably the height associated with forest volume backscatter, then 

retrieve these height layers backscatter for AGB estimation (Ho Tong Minh et al., 2014). However, the 

challenge with this approach is the number of images required to achieve a desired baseline for retrieval of 

vertical forest structure. 

LiDAR has proven to have reasonable accuracy and precise measurement to estimate AGB/carbon stock 

(Strahler et al., 2008). By acquiring forest structure attributes, such as tree height and diameter at breast height, 

as opposed to the traditional data collection method (Mengesha et al., 2015). However, AGB/carbon stock 

estimation over large forest area with LiDAR is very expensive and can be difficult to afford. In this study, 

Interferometric analysis using inversion algorithms was used to estimate the forest height parameter and 

compare it to LiDAR estimated forest height, then assess the potential application of height estimated by 

SAR data for AGB/carbon stock mapping.  

Most studies on AGB/carbon stock estimation in tropical forests has been done using optical images (Du et 

al., 2012; Dube & Mutanga, 2015; Gibbs et al., 2007; Lu et al., 2004; Powell et al., 2010). However, tropical 

forests are affected by cloud condition in most of the year, making it difficult to obtain clear passive optical 

satellite images (Asner, 2001). Also, the use of optical sensors leads to underestimation of AGB and carbon 

stocks due to a dense canopy of tropical rainforest (Gibbs et al., 2007). SAR is an active sensor which can be 

used in all-weather conditions, making it more reliable for accurate estimation of AGB/carbon stock (Omar 

et al., 2015). However, few studies have been done to estimate AGB/carbon stock and especially carbon 

sequestration in tropical forestry using a combination of LiDAR and SAR data (Fan et al., 1998). Therefore, 

this study was done specifically in estimating AGB/carbon stock and carbon sequestration using backscatter 

values, estimating forest height from L-band ALOS-2 PALSAR-2 SAR images using interferometry analysis 

and assessing the effect of vertical backscatter distribution for the accuracy of AGB/Carbon stock estimation. 

1.3. Research objectives 

1.3.1. General objective 

This study is aiming at the analysis of L-band cross polarised ALOS-2 PALSAR-2 backscatter values, 

interferometric analysis and tomographic analysis along with terrestrial laser scanner and airborne laser 

scanner data for modelling above-ground biomass/carbon stock and carbon sequestration in a tropical rain 

forest of Berkelah, Malaysia. 

1.3.2. Specific objectives 

1. To analyse the relationship between AGB/carbon stock derived from (TLS and ALS) data, and L-

band cross polarised radar backscatter values. 

2. To determine the AGB Saturation point in relation to the L-band cross polarised radar backscatter 

values. 

3. To determine the relationship between time series of the L-band cross polarised radar backscatters 

and AGB. Then estimate the carbon sequestered in the berkelah tropical rain forest in the period of 

one year 9/2016 to 9/2017. 

4. To estimate forest height from interferometric SAR images of ALOS-2 PALSAR-2 and assess its 

relationship with ALS height. 
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5. To assess the tomographic distribution of the L-band cross polarised radar backscatters in height 

direction in relation to AGB. 

6. To Estimate and map AGB/carbon stock by the L-band cross polarised radar backscatter. 

1.3.3. Research questions 

1. What is the relationship between L-band cross polarised radar backscatter values and AGB/carbon 

stock from TLS and ALS data? 

2. What is the Saturation point of AGB estimation in relation to the L-band cross polarised radar 

backscatter values? 

3. What is the relationship between time series of the L-band cross polarised radar backscatters and 

AGB? And how much carbon was sequestered in the berkelah tropical rain forest in 2016/2017? 

4. What is the relationship between forest height estimated from interferometric SAR images of ALOS-

2 PALSAR-2 and ALS height? 

5. What is the distribution of the L-band cross polarised radar backscatters in height direction in 

relation to AGB? 

6. What is the AGB/carbon stock estimated by L-band cross polarised radar backscatter image?  

1.3.4. Research hypothesis 

1. Ho: There is no significant relationship between AGB/carbon stock from TLS, ALS and L-band 

cross polarised radar backscatter. 

Ha: There is a significant relationship between AGB/carbon stock from TLS, ALS and L-band cross 

polarised radar backscatter values. 

2. Ho:  There is no effect on L-band cross polarised radar backscatter saturation in AGB estimation.  

Ha:  There is an effect on L-band cross polarised radar backscatter saturation in AGB estimation. 

3. Ho: There is no significant relationship between AGB/carbon stock from TLS, ALS and the time 

series of L-band polarised radar backscatters. 

Ha: There is a significant relationship between AGB/carbon stock from TLS, ALS and the time 

series of L-band polarised radar backscatters. 

4. Ho: There is no significant difference between forest trees height estimated by interferometric 

analysis and LiDAR data. 

Ha: There is a significant difference between forest trees height estimated by interferometric analysis 

and LiDAR data. 

1.3.5. Concepts of the study 

The berkelah tropical rain forest is an important area for biomass/carbon stock, as it regulates climate change 

effect by sequestering carbon dioxide from the atmosphere. On the other hand, it also contributes to climate 

change through deforestation and forest degradation which are sources of increased carbon emissions.  
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Remote sensing is one of the main MRV systems for modelling AGB/carbon stock including VHRS optical 

images, LiDAR and SAR systems; but each system has limitations (FFPRI, 2012). In this study, we focused 

on SAR as the best alternative active remote sensing for AGB/carbon MRV system because of its 

characteristics: more extensive area coverage, a sensor for all weather conditions, and it is low-cost. The 

primary limitation posed by SAR data for AGB/carbon stock estimation using backscatter is saturation. In 

this study, we assessed the saturation problem by detecting the saturation point. Also, we used an image 

processing technique (SAR tomography) to determine the source of reflected backscatter power distribution 

of the SAR image and its effect on AGB/carbon modelling. Apart from that, time series of the L-band cross 

polarised radar backscatter was used to determine its relationship with AGB and estimate the carbon 

sequestered by the forest between September 2016/2017. Also, the interferometric analysis was done to 

retrieve the forest height parameter. The concept of the study is further illustrated in Figure 1. 

 
               Figure 1: The conceptual diagram of the study 
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2. LITERATURE REVIEW 

2.1. Synthetic aperture radar 

SAR or Synthetic Aperture Radar is a type of radar sensor that has been widely used to monitor land surfaces 

due to its characteristics of using its own illumination energy, penetration of earth superficial materials, night 

imaging and all-weather imaging capability (Moreira et al., 2013). SAR as an active sensor is a side looking 

system: It transmits electromagnetic pulses as it moves along its path and sequentially records the 

backscattered signal. The received backscatter results in the detection of object and determination of its 

position. Also, the range between the SAR antenna and the object is determined using the travel time of the 

received pulse (Ager, 2011).  

Three factors affect the radar return signals: the system parameters, topography (slope and aspect) and 

characteristics of surface materials, which includes geometric properties of the object, e.g., surface roughness 

and dielectric properties of the object, e.g., moisture content (Moreira et al., 2013). The system parameters are 

wavelength, polarisation and incidence angle. These parameters determine information retrieved from the 

SAR image. SAR has wavelength band ranges from a shorter wavelength to longer wavelength in order of X, 

C, S, L, P. The polarisation parameter has four combinations recognised as the HV, VH, HH and VV. The 

incidence angles range from near to far incidence angles (Ager, 2011). The three parameters determine the 

penetration of radar signals to various earth features and their scattering property, the object feature 

characteristics in an image, as well as information which can be derived from the SAR image (Moreira et al., 

2013). 

In forestry, the penetration properties of the radar image are of significance to model forest AGB (Kumar et 

al., 2017). The pulse penetration has a significant influence on the choice of a wavelength and polarisation 

channel for forest biomass estimation (Lee & Pottier, 2009).  The wavelength bands from X, C, S, L, P and 

polarisation channels of the radar system determines the penetration ability of the electromagnetic pulses and 

scattering mechanisms of signals received by the radar sensor (Hertz, 2008). Wavelength bands, L and P 

together with cross polarisation VH and HV are known for their penetration characteristics within the forest 

layer which in turn results in three types of radar pulse scattering mechanisms (Neumann et al., 2012). The 

mechanisms are surface scattering or single bounce, double bounce or ground and tree trunk, and volume 

scattering (Sai et al., 2015). The volume scattering from forest canopy is of importance for forest AGB 

estimation. Figure 2 shows an example of the volume scattering of L-band cross polarisation as adapted from 

(Carver, 1988). 

A study by (Ghasemi et al., 2011; Mermoz, 2014) confirmed the existence of a strong and positive correlation 

between AGB/carbon stock and the cross-polarised radar backscatter (HV or VH) of wavelength L- and P- 

band. However, P band can only be obtained from airborne SAR acquisitions system. The like-polarised radar 

backscatter (HH or VV) from the shorter wavelength band (X and C) have a weak correlation with 

AGB/carbon stock (Dobson et al., 1992; Le Toan et al., 1992).  

To derive the relationship of SAR and AGB, several techniques have been studied. According to Ghasemi et 

al., (2011), the estimation of Above ground biomass using SAR is categorised into two main techniques; First 

using the SAR backscatter values, second using interferometry technique. However, these techniques suffer 

drawbacks of the saturation problem (Mermoz et al., 2014). For this reason, researchers have pushed toward 
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the development of SAR processing technique or algorithm known as SAR tomography to solve the 

saturation problem (Chehade et al., 2016; Ho Tong Minh et al., 2015). This technique uses multiple SAR 

images acquired at different times to retrieve valuable information for AGB estimation (Ho Tong Minh et al., 

2014). 

 
Figure 2: Scattering contribution from the forest (Images adapted from Carver, 1988). 

2.2. SAR interferometry 

SAR interferometry is a remote sensing technique of using complex images to extract information from SAR 

images acquired in single-pass or multi-pass (Hurtado, 2012). First SAR interferometry demonstration was 

done by Graham (1974), where interferometric fringes were obtained by adding signals received from two 

airborne SAR antennas for topographical mapping. The most potential application of SAR interferometry is 

the generation of the digital elevation model (DEM), forestry mapping, landslides, hydrology and natural 

scattering physical parameter extraction (Shane & Papathanassiou, 1998; Lazecký et al., 2015; Zhou et al., 

2009). 

Single pass: Describes a phenomenon when two antennas on the platform (satellite or aircraft) are used to 

acquire simultaneously two images of the same area (Shane & Papathanassiou, 1998) (Figure 3a).  

Multi-pass: Describes a phenomenon when one antenna on the platform (satellite or aircraft) is used to 

acquire images of the same area at different time interval also known as repeat-pass interferometry (Shane & 

Papathanassiou, 1998) (Figure 3b). 

Achieving better-quality interferometry results several factors need to be taken into accounts such as the 

sensor parameters, data quality processing procedure and flight track estimation accuracy. Apart from that, 

the spatial (baseline) and a temporal decorrelation between the interferometric SAR images affects the 

interferometric phase estimation. The effects are by introducing noise due to the speckle pattern random 

change and phase randomisation due to change in backscatter behaviour between interferometric images 

(Shane & Papathanassiou, 1998).  

Ground and trunk 

scattering 



ALOS-2 PALSAR-2 L-band cross-polarized radar data Analysis for modelling above ground biomass/carbon stock of tropical 

rainforest, Berkelah, Malaysia 

 

8 

 

 
Figure 3: Interferometric imaging geometry. a) Single-pass. b) Multi-pass. Images adapted from Elachi et al., 2006. 

2.3. SAR tomography 

SAR tomography is an advanced image signal processing technique to generate sections of an image for 3D 

representation. It is an extension of multi-`baseline interferometry concept (Joshi et al., 2017). It utilises the 

baseline(b), magnitude and phase information to separate out scattered SAR data parameters to retrieve the 

vertical layers of SAR data at different height levels (Lombardini et al., 2014) (Figure 3). The earlier application 

of tomography wherein the field of medical imaging such as computed aided X-ray tomography (CT scans), 

3D ultrasound, Magnetic resonance imaging, positron emission tomography (Hounsfield, 1979). Also, it has 

been highly used in determining ice volume and 3D urban building structures reconstruction (Lombardini et 

al., 2014). Whereas in forestry the first SAR tomography experimental demonstration was done using 

acquired multi-baseline L- band airborne images to generate tomograms for different polarisations channels 

(Reigber et al., 2000). 

 
   Figure 4: 3D imaging of the forest structure. ∆Z is a vertical resolution. ℷ is a carrier wavelength. θ is a radar look 

angle. bmax the overall normal baseline span (After Hong Tong Ming et al., 2014). 

In most publications’ SAR tomography is regarded to be a spectral estimation technique (Joshi et al., 2017; 

Lombardini et al., 2013; Lombardini et al., 2014; Zhu et al., 2010). Various spectral techniques such as Fourier 

transform to super-resolution techniques have been used to estimate forest biophysical parameters, such as 

forest height, and AGB (Lombardini et al., 2014).The procedure involved the conversion of multi-baseline  
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SAR data into multi-layer data, where each layer image represents a complex scene reflectivity of backscatter 

power at a particular forest height for each resolution cell, Figure 4 is showing an example of multi-layers 

SAR images. 

 A study by Ho Tong Minh et al., (2014) investigated the use of SAR tomography for tropical forest biomass 

estimation using Fourier transform technique. The backscatter power vertical distribution at each slant range 

and azimuth location were investigated, and the relationship between AGB and backscatter power intensity 

were established at an interval of 5 meters for different nine forest height layers, ranging from 0 meters to 40 

meters height layers. The study found out that, out of nine layers, 30 meters forest layer had the best 

correlation with AGB and high backscatter power (Figure 5). AGB estimation increased from 250tons/ha to 

450tons/ha.  

 
        Figure 5: Generation of multilayer SAR images from multi baseline SAR images (After Tebaldini et al., 2011). 

2.4. Laser scanners (LiDAR) 

In this subchapter, we introduce the two types of LiDAR; namely the Airborne laser scanner and the 

Terrestrial laser scanner (Figure 6). 

2.4.1. Airborne laser scanner (ALS) 

ALS is an active remote sensing technology used for deriving digital surface models (DSMs) and digital 

terrain models (DTMs) of the land surfaces (Sterenczak et al., 2013). The DSMs and DTMs are essential in 

the extraction of the vertical information of the land features, in this case, the height of forest or commonly 

known as the canopy height models (CHM). From the CHM, it is possible to extract height of individual trees 

in the forest. The height is an important parameter for AGB estimation using the allometric equations 

(FFPRI, 2012; Zawawi et al., 2015). Tree height derived from ALS CHM has proved to be the most accurate 

of all other methods for AGB/carbon stock estimation (van Leeuwen & Nieuwenhuis, 2010). For example, 

estimation of tree height from TLS is faced with the problem of occlusion due to several canopy layers in the 

forest (upper canopy and lower canopy) (Paris et al., 2015). Thus, some studies have suggested the use of TLS 

to extract DBH and tree height of lower canopies and ALS for extraction of tree height of upper canopies 

and combine these parameters for AGB estimation (FFPRI, 2012; Paris et al., 2015). The main components 

controlling the ALS system acquisitions are the Global Positioning System, the laser scanner, and the Inertial 

Measurement Unit (IMU) (Hyyppä et al., 2008).  
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2.4.2. Terrestrial laser scanner (TLS) 

The terrestrial laser scanner is an instrument that uses laser beams to observe and measure the surrounding 

environment by utilising the angular and range measurements of the reflected beams to derive the 3D point 

clouds of the objects being observed (Liang et al., 2016). Millions to billions of 3D points are sent to the 

surroundings and the returned signal recorded by TLS (Kaasalainen et al., 2014) (Figure 6). TLS has gained 

popularity in its use for estimation of forest biophysical parameters such as DBH, tree height of lower 

canopies and eventually AGB (Strahler et al., 2008). A result of increasing motivation of replacing 

conventional method of measuring tree parameter with automatic methods (Liang et al., 2016; Rahman et al., 

2017; Seidel., 2012). Recent research results have shown that forest attribute data collected by TLS has high 

quality and quantity, and the measurements are made to a millimetre level detail (Kaasalainen et al., 2014; 

Liang et al., 2016). Forest attributes from TLS can also be utilised for different research purposes, such as 

forest ecology in the estimation of canopy radiation, gap fraction, crown structure, leaf area distributions and 

leaf area index (Hosoi et al., 2013; Bélanda et al., 2011; Strahler et al., 2008).  

 

Figure 6: Acquisition geometry of LiDAR remote sensing. (After van Leeuwen & Nieuwenhuis, 2010) 
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3. STUDY AREA, MATERIALS, AND METHODS 

 3.1.    Study area 

This subsection consists of a description of location Berkelah tropical rain forest, vegetation type, 

topography, and its climate. 

3.1.1. Geographical location 

The study area is the tropical rain forest of Berkelah, located in Kuantan district-Pahang state, Northeast of 

Peninsular Malaysia, and is located between 2°57′ 43” N and 1001°41′ 47” E (Husin & Rajpar, 2015). The 

District of Kuantan approximately covers an area of 306313ha. The tropical rain forest was chosen because 

of its vast area coverage and potential in sequestering carbon necessary for climate change measures. 

Moreover, University Technology Mara Malaysia supported us with the ALS data. They also offered and 

helped us in executing the fieldwork in Barkelah Forest.  The distance from the capital city of Malaysia, Kuala 

Lumper to Berkelah is about 255km east of Kuala Lumper. Figure 7 shows the location map of the study 

area. 

 
 

                      Figure 7: Map of the study area of Berkelah Rain Forest in Kuantan District, Malaysia. 

3.1.2. Vegetation type and topography 

Low, flat, hilly mountains characterise Berkelah topography, with an elevation of 100 – 120m. The main 

vegetation type in the study area is tropical rain forests. It is considered to have high species diversity but 

mainly dominated by species of Dipterocarpaceae family (Omar et al., 2015). The tropical rainforest had a 

mixture of unlogged over primary forest and logged over forest (Rajpar et al., 2014).  

3.1.3. Climate 

The Berkelah tropical rainforest is situated in the equator area. The climate features are high humidity, 

uniform temperature, and heavy rainfall with average annual precipitation around 2900mm. There are four 

different seasons, namely south-west monsoon, northeast monsoon and two shorter periods monsoon-

influenced by periodic changes in the wind patterns (Malaysian Meteorological Department, 2017). Berkelah 
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mean-monthly temperature range from 24.2 °C to 29.9 °C while the average monthly rainfall ranges from 

90 mm to 300 mm, with humidity 70% to 98%.  

 3.2. Materials 

A list of materials used for this study was discussed in this section; it includes field equipments and software 

for data analysis. 

3.2.1. Field equipment’s and data 

Table 1 listed the equipment’s used for data collection and datasets used for AGB/Carbon estimation. 

           Table 1: List of field equipment’s, data and their purpose 

Field materials Purpose 

TLS Riegl-VZ 400 Terrestrial laser scanner 

Garmin GPS  Navigation in forest and sample points location recording 

Airborne Laser Scanner Data Retrieving canopy height model and eventually tree heights 

TLS cloud point data DBH and height measurement for AGB generation and 

validation 

Measuring tape To outline the circular plot 

Field sheets and pencil Data recording 

ALOS-2 PALSAR-2 SAR dataset for 

September 2016, January 2017 and 

September 2017 

Deriving intensity backscatters, Carbon sequestration 

estimation, backscatter tomographic layers and produce 

AGB/Carbon map 

 

3.2.2. Software 

Table 2 shows the list of tools and software used for processing and analysis of data used for this study. 

              Table 2: List of software’s and their purpose 

Software Purpose 

Snap Toolbox Co-registration of SAR data 

Phase calibration of SAR data 

Interferogram generation 

Conversion of DN values to SAR backscatter  

MATLAB SAR Tomographic layer generation 

ArcGIS- ArcMap 10.3 Producing AGB/carbon map, Tree peak identification 

RiSCAN TLS point cloud processing and analysis 

PolsarPro Interferometry and tomography processing 

R -studio Statistical analysis 

LAS Tools package in ArcGIS DSM, DTM and CHM generation 

E-cognition software Tree crown segmentation 

Microsoft office excel Statistical analysis 

Microsoft office word Project report writing 
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 3.3. Research methods 

The research method is an important step to answer the objectives and research questions of this research. It 

includes fieldwork design, spatial data analysis, statistical data analysis and lastly generation of AGB and 

carbon stock map. Figure 8 is the flowchart showing the method for the main steps of this research.  

Step 1; Biometric data (DBH) preparation and analysis, to be included in the in the allometric equation for 

above-ground biomass estimation. This step involved the use of ALS to estimate biomass of the upper 

canopy, through an allometric equation that used the field Diameter at Breast height (DBH) and ALS height. 

Step 2: The processing of point cloud data from the Terrestrial Laser Scanner, which involved point cloud 

registration and filtering, and later the individual tree extraction. From each tree, the lower canopy tree height 

was measured and later combined with the associated DBH from step 1 into the allometric equation for AGB 

estimation. 

Step 3: The ALS data was processed to retrieve digital surface model (DSM) and digital terrain model (DTM). 

Followed by subtracting DTM from DSM to get the CHM used for upper canopy tree height extraction by 

overlaying it with tree point locations. The resulting tree height was combined with associated DBH from 

step 1 into the allometric equation to estimate AGB. 

 Step 4: This step involved calibration of the SAR images to backscatter coefficient, Image geo-referencing 

and filtering of the backscattered images to be used for AGB model development, AGB Estimation, 

validation and carbon estimation. 

Step 5: Tomographic analysis of the SAR data to retrieve the vertical distribution of backscatters was done. 

This step also included interferometric wave number generation in order to derive the height. Followed by 

interferometric analysis to retrieve canopy height model of the study area (CHM). Then a comparison 

between SAR derived CHM, and LiDAR CHM was made. 

Step 6:  Involved developing regression models between single and time series SAR image backscatters and 

Field AGB. Followed by model validation to derive the model accuracy in AGB estimation. The estimation 

accuracy was determined based on the coefficient of determination, the root mean square and p-value results. 

Amount of carbon sequestered in september 2016/2017 was also determined at this step. Also, multiple 

regression of HV, HH and AGB was done to determine if there is a significant improvement in AGB 

estimation in relation to a lone HV regression model.  

Step 7: This step involved determining the saturation point of AGB in relation to backscatter. 

Step 8: This step involved mapping of AGB and carbon based on the best model from step 6. 
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             Figure 8: Flowchart of the research method 

3.4. Field work 

3.4.1. Field sampling design 

The purposive sampling design was employed in establishing sample plots for data collection. The design is 

based on the judgement of the researcher. The choice of which was based on the accessibility to sample plots, 
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time-saving and slope of the area. Purposive sampling has an advantage over other sampling design based on 

its ease of implementation and accessibility of samples over the entire study area. About 38 sample plots were 

collected based on the criteria as described in the following: 

Accessibility: Areas with fewer obstacles like water streams, less undergrowth was considered since it was 

easy to move from one plot to another hence collecting more sample plots per day. 

Time: To be able to collect the desired number of samples, purposive sampling was the best option, since it 

makes it easy to move from one plot to another. 

Slope: Less steep areas were favoured because TLS is a heavy (27kg) and delicate equipment to carry on a 

steep slope. So, to save time and avoid damage to the TLS less sloppy areas were preferred over high sloppy 

areas. 

3.4.2. Determining plot size 

The objective and purpose of the research are the most determining factors of the shape and size of plots to 

be used for data collection (Tree DBH and Height). Plots shape varies from circular, rectangle and square. 

Circular plots are the most suitable, preferred and used plot shape for forests above ground biomass 

assessment and forest inventories (Laar et al., 2007). Circular plots have the advantage of ease plot 

establishment and less number of borderline trees; other plot shapes produce a greater number of border 

trees in a plot, which induces systematic error in plot sampling (Kershaw et al., 2016; Laar et al., 2007). 

According to Luo et al., (2017),  biomass estimation is affected by choice of plot size. The optimal plot size 

for biomass estimation varies for different study areas and vegetation types (Estornell, 2011).  Therefore, it is 

essential to determine an optimal plot size which will not significantly affect the accuracy of biomass 

estimation before going for data collection. 

 

A study by Gobakken et al., (2008) showed that a plot size of 0.05ha or 500 square meters is sufficient to give 

an accurate result for biomass estimation, as increasing the plot size beyond 0.05ha - 0.06ha would not 

significantly improve the results for biomass estimation. They also revealed that plot size beyond 0.1ha is hard 

to demarcate and increases need for slope correction to be done for many plots.   In this study, a circular plot 

of 0.05ha (500m2) equivalent to the radius of 12.62 as used by (Gobakken et al., 2008) was adopted. The plot 

size between 500-600m2 significantly increase the number of trees to be measured in each plot. Therefore, it 

is a cost-effective plot size (Ruiz et al., 2014). 

3.5. Data collection 

The field data was collected from 23rd September to 11th October 2017. From each established plot the tree 

DBH and height were collected. The Alos-2-Palsar-2 data were acquired from JAXA on 1st November 2017. 

The following steps describe the process carried out during thesis data collection. 

3.5.1. Biometric data collection 

The circular plot of radius 12.62m was established using a tape measure after the sample plot was purposively 

selected. Tree DBH at a 1.3m height above the ground was measured using the diameter tape in each plot. 

Only trees with DBH more than 10cm was measured since they have a significant contribution to 

aboveground biomass (Brown, 2002).The coordinates of each tree in a plot were recorded using a tablet GPS. 
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This was important for identifying each measured tree located in a plot for height extraction from the canopy 

height model. The field data sheet was used for recording the tree DBH and coordinates respectively. 

3.5.2. Data collection with TLS 

After establishing a circular plot of radius 12.62m as in subsection 3.5.1. Trees with DBH ≥ 10cm were 

labelled with numbers on laminated papers facing plot centre direction; Trees with DBH < 10cm were not 

considered as they have low contribution to AGB estimation(Brown, 2002). Labels are essential to ensure 

trees are identified on the TLS scan and related to trees on the ALS-CHM. After labelling, the retro-reflectors 

were placed in near and outer scan position of plots; these were used as tie points for registration and geo-

referencing.  Using RIEGL VZ-400 TLS, multiple scanning of four positions was done in a plot to record all 

sides of the tree or obtain a 3D representation of trees(Srinivasan et al., 2015). Multiple scan scenario as in 

Figure 9. 

 
Figure 9: Multiple scans. Circular plot with radius R. Plot centre marked using an asterisk. The scanning position 

indicated by squares. Tree positions in solid circles. Trees with retro-reflectors shown using stars (As adapted from Liang 

et al., 2016). 

3.5.3. ALS data acquisition  

The Berkelah tropical rain forest, Malaysia airborne laser scanner data were acquired on 12/11/2014 by the 

Airborne Research and Survey Facility and obtained for this study from the University of Technology Mara 

Malaysia. The data were supplied in ASCII and LAS 1.2-point clouds files format, and they were classified 

into two classes as class 1 and class 7, the later was classified as noisy points. The point clouds data contained 

a total of four returns between 1 and 4 were the 1 is the first return, and 4 is the last return. The data were 

supplied in horizontal datum: WGS84, vertical datum: WGS84 and projection: UTM48. 
 

3.5.4. Alos-2-Palsar-2 SAR data acquisition 

The ALOS-2 is the Japan Aerospace Exploration Agency Advanced Land Observation Satellite 2 which 

carries on board the Phase Array L-band Synthetic Aperture Radar 2 (PALSAR-2) Sensor. Three Dual 

polarised ALOS-2 PALSAR-2 images used for this study. The images were acquired from JAXA through the 

Remote Sensing Technology Center of Japan (RESTEC) which is responsible for distribution of remote 

sensing data obtained from JAXA (Restec, 2000). The date of scenes observation was 9/09/2017, 

28/01/2017 and 10/09/2016. The images were acquired from Restec by Faculty of Geoinformation science - 

University of Twente on two-time period, on 01/11/2017 for the first two images and 28/09/2017 for the 

third image respectively.  
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3.6. Data processing and analysis 

3.6.1. Terrestrial laser scanner data processing 

Point cloud registration and plot extraction 

RiSCAN PRO software was used for Registration of plots multiple scans, using automatic marker-based 

registration which uses tie points to merge multiple scans precisely. This is essential for correct point cloud 

Geo-referencing. The automatic marker -based registration method is less time-consuming. Thus it is more 

preferred over the course manual point cloud registration method.  

After registration, the plot extraction was done to remove trees which are outside of the circular plot. The 

extraction was done using the range function in RiSCAN PRO. Only trees within the established circular plot 

were extracted from the registered point clouds. 

Individual tree extraction and tree height measurement 

The individual trees extraction, Measurement of Tree parameter (Tree height for lower canopy trees) was 

done using the RiSCAN PRO software. This was done by using the A selection mode tool was used and later 

saved as polydata. The tree tag number was used as the basis for naming the polydata. The latter step was to 

measure the tree height of lower canopies by measuring the distance between the trees lowest and highest 

point cloud in RiSCAN PRO. The tree height value was recorded to be combined with respective DBH in 

the allometric equation for AGB estimation. 

3.6.2. Airborne laser scanner data processing 

In addition to field data, tree height measurements were extracted from Airborne LiDAR canopy height 

model data of the study area. The extraction of tree height from the LiDAR point cloud data was done using 

Las tools package. To get the canopy height model, first the point clouds data were classified into the ground 

and first return point clouds. The first return point clouds were used for DSM creation, and the last 

return(fourth) were for DTM creation (Figure 10a, b). Then the canopy height model (CHM) was simply 

obtained by subtracting DTM from DSM (Figure 10b). The CHM was created with 1m pixel size to reduce 

uncertainties associated with identifying the treetop during tree height extraction. To extract tree height, Tree 

canopy segmentation was done in e-cognition software to generate a vector layer (shapefile) with segmented 

polygons. The Multiresolution segmentation process was done by setting the best parameters based on trial 

and error approach (compactness 5, shape 9). Later the CHM was overlaid with the segmented shapefile, to 

extract the maximum value for the pixels falling within the segments of the segmented vector layer. Then the 

pixels were assigned a new maximum value to be taken as a treetop height (Figure 10c). The process was 

done using Zonal statistics tool (spatial analyst toolbox) and extract multipoint data in ArcGIS.  

To extract tree height the shapefile from segmentation was overlaid on the CHM, together with the plot 

centres location, shapefile of field circular plot and the individual tree location. From the overlay, the 

maximum elevation was used to identify the height of each tree in a plot. Lastly, the derived tree height from 

ALS and TLS was combined with Biometric DBH information in an allometric equation 10 to estimate AGB 

for each tree. 
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                              (a)                                                                                                     (b) 

 
                                                                                  (c) 

Figure 10: LiDAR digital surface model (a), Digital terrain model (a) and Canopy Height model (c)of the study area. 

Although measurements from LiDAR data are considered to be of high accuracy and precise compared to 

satellite data sources, it is essential to note that the LiDAR data are highly expensive, and they are limited to 

be made in stormy, wind and cloud cover areas.  
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3.6.3. ALOS-2 PALSAR-2 SAR data pre-processing for backscatter retrieval 

SAR image pre-processing is an important step in image analysis for AGB estimation. The SAR image where 

obtained at level 1.1 as a complex image, for which most of the pre-Processing step such as radiometric 

calibration and geometric correction has not been done. Pre-processing of SAR images aims to correct for 

degradation and distortion in the image and represent a meaningful information of the scene image. For level 

1.1 complex images, the first step was a geometric correction and Geo-referencing, followed by retrieval of 

SAR backscatter from the complex images and Filtering was applied in Snap software. 

Geometric correction and geo-referencing 

The single look complex SAR images are geometrically distorted due to the sensors image acquisition not 

being at Nadir location, tilting of the satellite sensor and image scene topographical variation (Schreier,1993; 

Small et al., 2008) (Figure 11). Thus, geometric correction is aiming to compensate these distortions so as the 

SAR images can represent the real world. 

 
Figure 11: The SAR image acquisition geometry of topographical distortions. Point B through elevation h directly above 

the ellipsoid is imaged at position B' in SAR image. However, its real position is B".  The B' and B" offset ∆r, displays 

the topographic distortions effect on SAR image (Schreier, 1993). 

Subsequently, in order to have a true projection, the SAR images were re-projected to Universal Transverse 

Mercator (UTM) coordinate system, zone 48N as the coordinate system used for the study area 

(WGS_1984_UTM_Zone_47N). 

In the meantime, the georeferenced and re-projected SAR image were opened in ArcGIS, then overlaid with 

the boundary shapefile and then the image was clipped using the study area boundary shapefile.  

3.6.4. Retrieval of radar backscatter coefficient and radiometric correction 

The retrieval of radar backscatter coefficient was done to both cross and like polarised images. First, by 

applying calibration to radar images; this was done by considering the image processing level, pixel size and 

the field sample plot size. Calibration was done in SNAP software using band math; the DN values were 

converted to the backscatter coefficient for ALOS PALSAR images level 1.1 by use of equation (1) as 

proposed by (Shimada et al., 2009).  
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SAR data have a characteristic of salt and pepper like appearance (Radiometric distortion). The salt and 

pepper appearance or speckle noise which can have an influence on the relationship between the imaged 

object and the received backscatter interactions (Joshi et al., 2015). Thus, it is important to apply Speckle 

filtering to smooth the image or correct for this distortion. For this work, Lee speckle filter was applied on all 

the retrieved backscatter cross polarized SAR images. The output filtered image would have much smooth 

texture and reduced variance. Figure 12 is one of the Original SAR image (a) as compared to the filtered SAR 

backscatter image (b). 

Equation 1: Equation for retrieval of backscatter coefficient   

                            σ 0 1.1 product =10 · log10 I2 + Q2 + CF – A 

Where:               σ 0 1.1 product = Normalized Radar Cross Section of level 1.1 product in (dB) 

   I = Real part of SAR image level 1.1 SLC product 

   Q = Imaginary part of SAR image level 1.1 SLC product 

   CF = Calibration Factor of -83.0dB    

    A= Constant 32.0   

 

 

 

 

 

 

 

 

 

 

 

Figure 12: Raw SAR image as compared to backscatter image. HV images with DN values (a) and 0 (b). Objects in a 

backscatter image are more clearly visible than the original image with DN values which appears dark.  

After converting the DN values to backscatter coefficient, the backscatter coefficient was retrieved as; the 

plot centre point location was overlaid on the backscatter coefficient image and the average of backscatter for 

5 by 5 pixels covering the field plot was extracted as in Figure 13. The 5 by 5-pixel window was chosen so 

that the whole plot area (diameter 25.24m) and an additional 5m GPS error is included in calculation of plot 

AGB. This approach tends to smoothen out the average backscatter, but in so doing it reduces the error of 

excluding backscatter signals from trees within the plot (Sumareke, 2016). The extracted backscatter were 

used for AGB model development and validation. 

(a) 
(b) 
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Figure 13: Backscatter retrieval from cross-polarized backscatter coefficient SAR image. 

3.6.5. Above-ground biomass saturation point estimation 

AGB Saturation point can be defined as a point when the slope of the curve of the logarithmic regression 

starts to decreases by 0.02dB against the minimum-maximum of the AGB (Suzuki et al., 2013). From the 

regression analysis of the Above-ground biomass and L-band cross-polarized radar backscatter, The AGB 

saturation point was calculated along the logarithmic regression line by estimating the point where the slope 

started to decrease by 0.02dB using slope equation 2. 

Equation 2: Equation for determining the AGB saturation point   

Slope = ∆Y/∆X  (Suzuki et al., 2013) 

Where:       ∆Y is the change in backscatter values with respect to the minimum value 

      ∆X is the change in AGB with respect to the minimum AGB value 

3.6.6.  Retrieval of radar backscatter coefficients for time series analysis of AGB/carbon stock and carbon sequestration 

On the assessment of the time-series of AGB/carbon sequestration, a subset of 50ha from the study area 

backscatter images was extracted in the middle of the fieldwork forest AGB/carbon stock plots as in Figure 

14. Then Areas with backscatter outliers (Backscatters from open areas, reflectance object, roads) were 

masked out. The outliers were masked out using the highest AGB value 750ton ha-1 from the field as a cut-

off value point; the reason was to remove the effect of outliers on AGB/carbon stock over-estimation and 

eventually on carbon sequestration. These outliers showed up because of high slope areas facing the radar 

antenna, corner reflectors, etc. Three steps were used to assess the relationship between AGB and time series 

of L-band polarised Radar data (Table 3). The first step was taking the plot backscatter values of the 

10/09/2016 cross-polarised image and derive a linear relationship with AGB. Secondly taking the plot 

backscatter values of the 09/09/2017 cross-polarised image and derive the relationship with AGB. The third 

step, the developed models were used to estimate the AGB/carbon stock of the two-year images, first by 

applying the first step model to both images, secondly by applying the models independently. The 

sequestration was estimated based on the difference of the average AGB/carbon Stock between the two-year 

images. Here, the logarithmic regression models were used because of having high R2 and low RMSE.  
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Table 3: SAR parameters and Models used for time-series Analysis for AGB/Carbon Stock Sequestration. 

Steps Parameters, Models 

1 HV(dB)-Sep 2016, AGB 

2 HV(dB)-Sep 2017, AGB  

3 Model-1 (HV(dB) =1.7542ln(AGB) – 22.031), Model -2 (HV(dB) = 1.728ln(AGB) – 21.967) 

 

 
Figure 14: The map of subset area used for estimation of carbon sequestration between the year September 2016 and 

September 2017. 

3.6.7. Multiple logarithmic regression analysis of AGB and L-band HV, HH polarised radar backscatter in relation to 

single HV backscatter 

Apart from using only the cross polarised backscatter to estimate AGB/carbon stock. We also decided to 

investigate if there is a significant improvement on AGB estimation if the like polarised backscatter (HH) is 

added to multiple regression analysis. In this case, a multiple regression model of HV and HH backscatters as 

dependent variables and AGB as an independent variable (Equation 3). On using multiple logarithmic 

regression, a relationship between HV, HH backscatter values and AGB was derived, a comparison on results 

of multiple logarithmic model and single parameter logarithmic model were analysed based on R2, Root mean 

square error (RMSE) and probability value (p-value). 

Equation 3: Multiple logarithmic equation AGB and HV, HH polarised backscatter 

                     ln(AGB) = a * HV + b * HH +c 

                     Where a, b and c are constants derived from the regression relationship. 
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3.6.8. ALOS-2 PALSAR-2 SAR interferometry processing 

In this section the processing procedure for interferometry height estimation from SAR data is explained. The 

procedure involves several steps such as Image sub-setting, Co-registration, Interferogram generation and 

coherence estimation, Interferogram flattening, Vertical wavenumber estimation and Height estimation. The 

DEM differencing algorithm height estimation methods from interferometric SAR images were utilised. 

Image sub-setting 

The ALOS-2 PALSAR-2 SAR data covers an area of about 70km x 70km while our study area only covers 

about 4km x 4km, Processing the whole image would increase processing time and processing areas outside 

our study area which are of no interest. Therefore, subsetting the images were done importantly to minimise 

processing time and restrict ourselves to the study area of interest. 

Co-registration 

After image sub-setting, the two SAR images were correctly aligned by co-registering them to a subpixel 

accuracy by making sure that the pixels in one image properly matches the pixels in another image. A 

transitional shift characterises the acquisition geometry of different SAR images acquired in the same mode; 

this results in improper alignment of the SAR images. Hence the resulting interferogram would have low 

coherence and imprecise phase difference information. The image co-registration process requires assigning 

one image as a master and the other as a slave image for which the slave image is transformed to match the 

master image. Cross-correlation was used to match corresponding points from slave to master image. For this 

study, the images of 09/09/2017 were assigned as a master image and the image acquired on 28/01/2017 as a 

slave image. The two steps were followed during the co-registration: The first being course registration and 

then fine registration. 

Generation of an interferogram and complex coherence 

Once the co-registration was done, the complex images (real and imaginary part) of the SAR images were 

used for generating the interferogram. The interferogram is obtained by taking the phase difference between 

two complex images (master and slave) equation 4, of which the resulting difference ranges between [-ℼ ℼ]. 

The complex coherence of the phase between two images is obtained as a cross-correlation between the two 

images obtained by the equation (4), the resulting coherence ranges between 0 and 1. 

Equation 4: Equation for Interferogram Generation 

 
Where, 

 

Looking at the interferometric coherence images Figure 15 and 16, we see bright and dark spots (areas), the 

bright areas represent areas of high coherence while the dark areas represent areas of low coherence. The 

coherence pattern corresponds to the interferogram phases pattern. Fringes can be seen in areas with high 

coherence, as opposed to areas with low coherence. Each colour phase in the interferograms corresponds to 

a complete phase difference. The coherence images in forest areas appear dark due to a loss of coherence as a 
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result of volume scattering, while areas of stable terrain such as open areas and roads appears bright due to 

high coherence. The HH coherence image appears brighter than the HV coherence image due to 

characteristics surface scattering of the HH as compared to more volume scattering of signals from HV 

images. 

           
                                             (a)                                                                   (b) 

Figure 15: HH Interferometric coherence and phase of the study area. a)  HH coherence image.  b)   HH interferometric 

phase                                                                            

            
                                           (a)                                                                   (b) 

Figure 16: HV Interferometric coherence and phase of the study area. a)  HV coherence image.  b)   HV interferometric 

phase                                                                            

Interferogram flattening and filtering 

For better quality of the derived interferogram for height estimation, the flat earth phase which corresponds 

to earth curvature of the earth reference surface was removed. The flattened interferogram phase is estimated 

using equation (5), the flat earth phase was subtracted from the complex interferogram to obtain the 

interferogram with phases related to elevation (without flat earth phase). Noise characterises the 

interferometric phases. To remove the noise, Goldstein speckle filtering were applied to the interferogram to 

increase the signal to noise ratio, Figure (17). 

Equation 5: Equation for generating the flattened interferogram 

 

Where Bn, ℷ, R, h and θ are the perpendicular baseline, wavelength, Slant-range distance, elevation of the 

scene imaged and incidence angle respectively.  
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                                        (a)                                                                       (b) 

Figure 17: Images of flattened and filtered interferogram for HH and HV polarised SAR images. The phase difference is 

more pronounced in HH than in HV interferogram. a) HH interferometric phase flat earth removed. b) HV 

interferometric phase flat earth removed 

Generation of the Interferometric vertical wave number 

A critical parameter for height estimation from SAR interferometry is the use of vertical wavenumber. 

Interferogram represents height variation in phase domain with values ranging from -ℼ to +ℼ. So, to change 

from phase to height encompasses the use of vertical wave number. The vertical wavenumber was calculated 

using equation (6). Figure 18 shows the interferometric vertical wavenumber of the study area derived from 

SAR images. 

Equation 6: Equation for calculating the vertical wavenumber 

 


sin

4

R

B
K

n
z   

Where Bn, ℷ, R and θ are the perpendicular baseline, wavelength, slant-range distance and incidence angle 

respectively.  

 
   Figure 18: Interferometric vertical wavenumber of the study area derived from SAR images     

                           

Generation of forest height (CHM) using forest height inversion algorithm 

Phase Phase 
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DEM differencing inversion algorithms were used for height estimation. With DEM differencing approach 

the height estimate was generated by isolating the polarisation (HH) channel that scatters from the forest 

canopy top as in equation 7. The HH polarisation was taken due to its characteristics of surface scattering as 

compared to volume scattering by HV polarisation (Cloude, 2005). Figure 19 shows the Height variations of 

the study area derived from SAR images using DEM differencing forest height inversion algorithms results. 

Equation 7: DEM differencing Algorithm 

                        

                          Where hv is the forest height, wv is selected polarisation and kz is the vertical wavenumber 

 
(a) 

 
                                                                    (b)                           

Figure 19: The Height variations of the study area derived from SAR images using DEM differencing forest height 

inversion algorithms. (a) 2-D CHM Visualization (b)3-D CHM Visualization                                                

H
ei

gh
t 

(m
) 

H
ei

gh
t 

(m
) 



ALOS-2 PALSAR-2 L-band cross-polarized radar data Analysis for modelling above ground biomass/carbon stock of tropical 

rainforest, Berkelah, Malaysia 

 

27 

 

3.6.9. Tomographical retrieval of backscatter distribution 

TomoSAR processing provides the 3-D of the SAR data (Ho Tong Minh et al., 2015). From the SAR 3-D 

data, we can retrieve the distribution of backscatters from the forest canopy layers (Kumar & Kumar, 2017). 

The tomographic backscatters from radar image can be associated to represents scattering contributions for 

certain heights of the forest. The reconstruction of the tomographic backscatters in height direction was done 

by converting the SAR multi baseline interferometry data into the multi-layer data. Which was achieved by 

taking a Fourier transformation of the multi-baseline data along the baseline direction (equation 8), where at 

each range and azimuth location there is a complex scene reflectivity.  

Equation 8: Fourier transform 

S(z) = ∑ yn (r, x) exp [ - jkz(n) .z]  

Where: S(z) is complex reflectivity along cross range direction for each pixel at a given layer height  

            yn (r, x) is complex valued pixel for SAR image 

            Kz is the interferometric vertical wavenumber 

           Z is layer height 

Moreover, using equation (9),  the backscattered power distribution can be retrieved in a cross range 

distribution (Kumar & Kumar, 2017). As a result, we retrieve the backscatter vertical profile and the cross-

backscatter layers fixed to a certain height of the forest, e.g. 5m layer, 10m layer, 15m layer, 20m layer, etc. 

(Ho Tong Minh et al., 2014).  

Equation 9: Backscattered power distribution 

P(z) = |S(z)|2 

3.6.10. Above-ground biomass calculation 

AGB computation was done using the lower canopy tree height from TLS and upper canopy tree height from 

ALS, combined with field DBH data. For this study, AGB of 23 plots of Berkelah tropical rain forest was 

estimated using an improved allometric equation 10 for the tropical forest by (Chave et al., 2014). 

        Equation 10: Allometric Equation 

                                 AGBest = 0.0673 * (p D2 H)0.976 

Where:     AGBest is above ground biomass estimated in Kilogram 

D is diameter at breast height in centimetre 

 p is wood density in gcm3 

H is height in meter 

0.0673 and 0.976 are constants 
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3.7. Statistical analysis 

To answer the research objectives and questions the following statistical analysis was done as in the following 

sub-sections. 

3.7.1. The relationship between AGB and L-band cross polarised radar backscatters 

The statistical regression analysis was used to assess the relationship between the AGB and retrieved 

backscatter values from the SAR image. The regression model for AGB based on backscatter intensity values 

was produced, and AGB was predicted using the resulting regression model. 

3.7.2. Estimation of the backscatter saturation point 

The calculation of saturation point was done at each point along the graph of the regression line. The 

saturation point was selected at a point where the slope of the regression line started to change by a factor of 

0.02dB. 

3.7.3. The relationship of AGB, time series L-band cross polarised radar backscatters and carbon stock sequestration 

The time series logarithmic regression analysis was used to assess the temporal influence of SAR backscatter 

values to AGB estimation and eventually carbon stock estimation; this was done by retrieving the relationship 

between backscatter from the forest at different periods and the field AGB. The relationship was assessed 

based on the best results of coefficient of determination and Root mean square error. 

3.7.4. The relationship between interferometric height and LiDAR height 

The trend of height variation using a straight line drawn on the interferometric and LiDAR height maps, 

together with the regression analysis from average height values from the field plots was used to assess the 

relationship and accuracy of ALOS-2 PALSAR-2 L-band SAR data for height estimation against that of 

LiDAR height. 

3.7.5. The tomographic distribution of L-band cross polarised radar backscatters in relation to AGB 

The vertical tomographic slice from a stack of L-band SAR images was used to analyse and interpret the 

distribution of SAR signals coming from the forest, and their effect on AGB estimation was discussed. The 

slice was compared with the observed physical features of the study area using a study area map. 

3.7.6. Above-ground biomass (AGB) and carbon stock estimation and mapping 

Using the logarithmic regression model from step 3.6.6, the AGB was mapped for the study area forest and 

also the amount of carbon stock was estimated and mapped using a conversion factor of 0.5 as given in 

equation 11 (Hirata et al., 2012). The interpretation of this equation gives half of AGB as the carbon stock 

stored in a forest. Total AGB for the study area was also calculated by summing up the amount of AGB in all 

pixel of the image. Areas with water bodies and corner reflectors were masked out in total AGB calculation. 

Masking out were done using the minimum (8.7tons ha-1) and maximum (750tons ha-1) field AGB. 

Equation 11: Carbon Equation 

                     C = B * CF 

                     Where: C is the carbon stock in tons, B is the dry biomass and CF is the carbon fraction (0.5) 
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4. RESULTS 

4.1. Statistical analysis of field data 

Biometric methods and terrestrial laser scanning were used for field data collection. The tree diameter at 

breast height was collected using only biometric method (diameter tape) while tree height data from trees 

which were not visible from the airborne laser scanner data were retrieved from TLS data. About 23 plots 

data collected from the field and a total number of 660 trees were used for the above-ground biomass 

calculation and statistical analysis. The mean above-ground biomass is 316ton ha-1, and the stand basal area is 

35.46 m2 ha-1. The descriptive analysis of the forest parameters such as basal area, AGB, DBH, height is given 

in Table 3. 

Table 4: Summary statistics of forest parameters. 

Item Number of plots Minimum Maximum Sum Mean Median Standard Deviation 

 Statistic Statistic Statistic Statistic Statistic Statistic Statistic 

Trees/plot 23 15 60 1030 32 32 1.6 

BA (m2) 23 0.03 3.53 51.93 1.62 1.67 0.14 

AGB (ton) 23 8.7 701 11329.95 316 279.69 33.07 

DBH(cm) 23 13 33 697 22 22 0.77 

Height (m) 23 5.7 37.56 716.46 22.39 23.02 1.35 

 

Further AGB analysis shows that the AGB is somewhat normally distributed (Figure 20b) with 0.07 skewness 

value, However, it is also true that more frequency of AGB distribution is observed at higher AGB values. 

From the AGB histogram and density plot in Figure 20, it can be observed that we have an increase in AGB 

up to 200 tons ha-1 after which there is a sudden decrease in AGB, then an increase in AGB again is observed 

from 380tons ha-1. This shows that the vegetation structure of the study area is more variable, in this case we 

have higher values of AGB (larger trees) with less regeneration of young vegetation. From the density plot 

(Figure 20a), the peak density of AGB is observed at two peaks at about 0.002 where AGB ≈ 200tons ha-1 

and 500tons ha-1). We can infer that about 0.2 percent of the AGB values are around 200tons ha-1 and 

500tons ha-1, meaning that most of the AGB distribution in the forest will fall around these peak values. 

                          
(a)                                                                                      (b) 

Figure 20: Density and Histogram plots showing the distribution of AGB in the Study Area. (a) Density plot (b) 

Histogram fitted with normal curve. 
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4.2. Statistical analysis of HV radar backscatter 

The statistical analysis of field plot backscatter was done to understand its distribution when compared to 

AGB distribution in Figure 21. The trend is observed to be reasonably similar and close to a normal 

distribution (Figure 21b). From the backscatter density plot (Figure 21a), we can infer that about 0.15 and 0.2 

percent of the backscatters from the forest falls at around -15dB and -13dB respectively. Also, backscatter 

analysis in height direction (with respect to LiDAR height) shows that most of the higher signal backscatter 

are originating from the ground layer and top canopy layer (28m to 47m) Figure 21c. This implies the effect 

of ground scatter to AGB estimation as ground signals may be contributing to increases in backscatter 

signal(value) in areas with low AGB values (saturation). Thus, Figure 21c gives us an understanding of the 

forest canopy level contributing more signal/backscatters used for modelling AGB. Most of the signal are 

observed to come from the ground and upper forest canopy. 

         
(a)                                                                                (b) 

 
                            (c) 

Figure 21: The density plot, the frequency distribution of backscatters and vertical distribution of backscatters in height 

direction. (a) Density plot of HV backscatter. (b) Histogram of the frequency distribution of backscatter (c) HV 

backscatter vertical distribution vs trees height. 
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4.3. The relationship between AGB and L-band cross polarised radar backscatters 

The relationship between AGB and L-band HV radar backscatter is analysed based on the pearson product 

moment correlation coefficient and regression analysis. Based on regression analysis; the linear regression, 

logarithmic regression were applied, and the regression equation with highest R2 was selected for further 

analysis. 

Based on the pearson product moment correlation analysis (r), the result shows that AGB is correlated with 

HV radar backscatters with r=0.932 ≈93% at 95% confidence interval (Figure 22). 

 
Figure 22: Scatter plot of the correlation between the cross-polarised backscatter and the Above Ground Biomass. 

Two regression models, the linear and logarithmic regression models were used to analyse the relationship 

between AGB and HV backscatters to estimate the above-ground biomass. The linear regression model was 

having low R2 of 0.76 with root mean square error (RMSE) of 92.2tons ha-1 as compared to R2 of 0.87 and 

root mean square (RMSE) of 68tons ha-1 resulted from the logarithmic regression model respectively (Figure 

23). A simple linear regression model and logarithmic regression model summary are given in Table 5 and 6. 

              Table 5: Summary statistics of the linear regression model of AGB and HV backscatters. 

Regression Statistics 
    Multiple R 0.871351 

    R Square 0.759253 
    Adjusted R Square 0.73919 
    Standard Error 99.71194 
    Observations 14 
          ANOVA 

       df SS MS F Significance F 

Regression 1 376270.6 376270.6 37.84477 4.93E-05 
Residual 12 119309.7 9942.471 

  Total 13 495580.2       

        Coefficients Standard_Error t Stat P-value 
 Intercept 1247.049 151.9197 8.208606 2.89E-06 

 HV (dB) 72.5649 11.7957 6.15181 4.93E-05 
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       Table 6: Summary statistics of the logarithmic regression model of AGB and HV backscatters. 

Regression Statistics 
    Multiple R 0.932257 
    R Square 0.869104 
    Adjusted R Square 0.858196 
    Standard Error 0.206864 
    Observations 14 
          ANOVA 

     

 
df SS MS F Significance F 

Regression 1 3.409536 3.409536 79.67583 1.2E-06 
Residual 12 0.513511 0.042793 

  Total 13 3.923048 
   

      

 
Coefficients Standard_Error t Stat P-value 

 Intercept 5.103857 0.315175 16.19374 1.61E-09 
 HV09 0.218436 0.024472 8.926132 1.2E-06 
  

The regression results explain that most of the variation in AGB is explained by the backscatter using the 

logarithmic regression model at 87% as compared to 76% variation explained by the linear regression model 

at a significant level of <0.05. In addition to that 13% and 24% of the AGB variation cannot be explained by 

the backscatter using the logarithmic and linear regression model effectively. Thus, for this study the 

logarithmic regression model, equation 12 was opted for further analysis and AGB estimation. 

Equation 12: Inverted logarithmic equation for AGB estimation 

                     AGB=EXP [(HVdB +21.967)/1.728) 

    

a)                                                               b) 

Figure 23: The scatter plot of the regression line between the cross-polarised backscatter and the above-ground biomass. 

a) Linear regression.  b) Logarithmic regression. 
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4.4. The saturation point of the above-ground biomass in relation to L-band cross polarised radar 

backscatters 

The results of the regression Analysis between AGB and cross-polarised backscatters shows that, the AGB 

exhibit a logarithmic relationship with the Radar backscatters at higher biomass values. The AGB obtained 

from field data were ranging from 8.7 to 701tons ha-1, and the saturation point at which the slope was equal 

to 0.02dB were estimated to be at 270tons ha-1. Thus, in this study, it was determined that the SAR Signal 

saturate at the AGB of 270tons ha-1 as plotted in Figure 24. 

 
Figure 24: The graph showing the AGB saturation point with respect to the SAR backscatter. The red vertical line 

intersecting the AGB axis shows the estimated saturation point (slope=0.02dB). 

4.5. Model validation and accuracy assessment 

4.5.1. Validation data 

On measuring the predictive accuracy of the developed regression model, 40% of the dataset (9 plots) were 

used for model validation. The dataset used for validation were independent of the 14 plots (60%) data for 

model development. Appendix 1, Table A and B shows the data used for developing the model and 

validation.   

4.5.2. Model validation and accuracy assessment 

The regression results of the validation between the observed and estimated AGB was having an R2 of 0.8 

and 0.78 using logarithmic and linear regression models respectively as shown in Figure 25. The estimated 

AGB explains about 80% of the observed AGB when using the logarithmic model. The predicted AGB was 

scaled to log10. 
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(a)                                                           (b) 

Figure 25: The scatter plots to check model validity, the predicted AGB on the y-axis and observed AGB on the x-axis. 

(a) Logarithmic model (b) Linear regression model 

4.6. The relationship between AGB and time series of L-band polarised radar backscatters, and its influence 

on carbon stock sequestration estimation 

The results of the time series analysis of the relationship between AGB and L-band cross-polarised radar data 

are as follows; Two models were developed based on multi-temporal backscatter images of 9/2016 and 

9/2017 (appendix 6). The first model was developed based on the analysis of the september 2016 backscatter 

image, which  resulted in an R2 and RMSE of (R2 ≈ 0.77, RMSE ≈ 90.23ton ha-1) and (R2 ≈ 0.82, RMSE ≈ 

79.8ton ha-1) for linear regression and logarithmic regression respectively. From these model results, the 

logarithmic regression was selected for use in further AGB analysis (Figure 26). The model was significant at 

95% and 99% confidence interval (Table 7). The summary statistics of linear regression between AGB and 

backscatter for 2016 image is shown in Appendix 2. The second model based on September 2017 backscatter 

image was developed as mentioned in section 4.3. The model results from the two regressions show an 

increase in the logarithmic relationship between AGB and HV backscatter from september 2016 to 

september 2017. Apart from that, we tried also to develop a model to estimate AGB using backscatters from 

a 28 January 2017 backscatter image (appendix 6). However, the resulting models had a low accuracy in terms 

of R2 ≈ 0.6, 0.53 and RMSE ≈ 119, 129tons ha-1 for linear and logarithmic regression respectively, thus it was 

not used further for AGB estimation, its regression results are as shown in Appendix 3.  

    
(a)                                                      (b) 

Figure 26: The scatter plots of the regression line between the september 2016 cross-polarised backscatter values and the 

above-ground biomass. a) Linear regression.  b) Logarithmic regression. 
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Table 7: Summary statistics of the logarithmic regression model of AGB and time series of cross polarised radar image 
of september 2016. 

Regression Statistics 
    Multiple R 0.905207 

    R Square 0.8194 
    Adjusted R Square 0.80435 
    Standard Error 0.242985 
    Observations 14 
          ANOVA 

       df SS MS F Significance F 

Regression 1 3.214547 3.214547 54.44532 8.52E-06 
Residual 12 0.708501 0.059042 

  Total 13 3.923048       

        Coefficients Standard_Error t Stat P-value 
 Intercept 4.890707 0.352506 13.87411 9.45E-09 

 HV Sep 2016 0.202858 0.027492 7.378707 8.52E-06 
  

On the other hand, the first (2016) model was used to estimate AGB and carbon stock for the study area 

subset backscatter image of September 2016 and September 2017, and their average AGB were estimated to 

be 192.69ton ha-1 and 199.95ton ha-1 respectively. Again, the second model was applied on September 2017 

subset image which resulted in an average AGB of 199.93ton ha-1 which shows a little difference in estimated 

Average AGB between the two models. Taking the difference between the two-year average estimated AGB 

between the images subset AGB, resulted in AGB difference of 7.24ton ha-1 which is equal to an increase of 

3.62ton ha-1 of carbon stock between the year interval, september (2016/2017) (Table 8). From this result, we 

can say that carbon sequestered from the atmosphere for the period september 2016 to September 2017 was 

3.62ton ha-1. Figure 27 shows the carbon stock estimated using the subset from a study area between the year 

(2016/2017), and the corresponding sequestered carbon.  

   

(a)                                                      (b)                                                             (c)                                                                                                                     

Figure 27: Carbon stock of the subset study area for the year september 2016/ 2017 and the corresponding sequestered 

carbon. (a)Carbon stock september 2016 (b)Carbon stock september 2017 (c) Sequestered carbon stock. 

Table 8: The average amount of AGB/carbon stock from the subset and the sequestered carbon 

Parameters Average AGB (tons/ha) Average Carbon Stock (tons/ha) 

September 2016 192.69 96.35 

September 2017 199.93 99.97 

Change in AGB & Carbon Stock/year 7.24 3.62 
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4.7. The relationship between AGB and a combined L-band HV, HH polarised radar backscatter in relation to 

single HV backscatter   

The multiple regression results (Table 9) of a model between AGB and HV, HH polarised radar backscatter 

shows a 1% increase in the linear and logarithmic relationship between AGB and HV, HH backscatter. We 

obtained an increase of  R2 ≈ 0.77, 0.88 compared to R2 ≈ 0.76, 0.87 obtained when using only cross 

polarised backscatter (HV) to derive the relationship in section 4.3, for both linear and logarithmic regression 

respectively. The multiple regression approach of combining HV and HH polarised backscatters did not add 

a significant improvement in R2, and RMSE results for AGB estimation with reference to the model 

developed using only cross-polarized backscatter (Table 10). In fact, the addition of HH to the model did not 

have a significant effect on AGB/carbon stock estimation at 95% confidence interval (p-value for HH was 

greater than 0.05). 

Table 9: Summary statistics of the multiple logarithmic regression model of AGB and HV, HH polarised 
radar backscatter. 

Regression Statistics 
    Multiple R 0.935421 

    R Square 0.875012 
    Adjusted R Square 0.852287 
    Standard Error 0.21113 
    Observations 14 
          ANOVA 

       df SS MS F Significance F 

Regression 2 3.432714 1.716357 38.50424 1.08E-05 

Residual 11 0.490334 0.044576 
  Total 13 3.923048       

        Coefficients Standard_Error t Stat P-value 
 Intercept 5.15909 0.330668 15.60201 7.53E-09 
 HV 0.199644 0.036096 5.530876 0.000178 

 HH 0.02924 0.040551 0.721082 0.485902 
  

   Table 10: Comparison of the cross polarised radar backscatter logarithmic regression model and multiple 
logarithmic regression model of the cross and like polarised radar backscatter. 

Model type R2 RMSE (tons ha-1) 

AGB & HV model  0.87 68 

AGB & HV, HH model 0.88 65 

4.8. Interferometric height results 

In this section, the interferometric phase and thus the elevation information in the interferometric images are 

analysed. Figure 28 shows the height maps generated from LiDAR data (Figure 28a) and ALOS-2 PALSAR-2 

image (Figure 28b) of the study area. The interferometric forest height (Canopy Height Model) CHM map 

was produced using one method; DEM differencing inversion algorithm (Figure 28b). When comparing the 

height images, it can be observed that both height maps give a roughly similar estimation of the height 

tendencies at the study area which compare somewhat well with the reference data (LiDAR data).  
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(a)                                                                        (b)                                                       

 
                                                                                     (c) 

 
                                                                                     (d) 

Figure 28: (c) and (d) Height profile line and its residuals drawn over (a) LiDAR CHM (b) Radar CHM derived by use of 

DEM differencing algorithm. 
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Studying the height variations in more detail a line of same length and location drew on the LiDAR and radar 

CHM (red lines) Figure 28a, and b respectively and, their values are represented on a 2D plot (Figure 28c and 

d). Forest height on the y-axis and distance along the ground on the x-axis. Height from LiDAR CHM is 

presented in blue line and height from radar CHM are presented in green (Figure 28c, d). From the profile 

plot, it can be observed that the height tendency follows the same pattern on both CHM. The differences can 

also be observed in interferometric height estimated using the radar data is higher than the LiDAR CHM. 

The radar CHM height estimated using a DEM difference inversion algorithm shows a minimum variation 

with LiDAR CHM showing that height from L-band ALOS-2 PALSAR-2 interferometry can be used for 

AGB estimation. It is also important to note that, the ALS height data were acquired in 2014 while the 

ALOS-2 PALSAR-2 were acquired in 2017, this poses a significant difference in height difference that exists 

between the data. 

4.8.1. The relationship between LiDAR-derived CHM height and radar-derived CHM height 

A scatter plot (Figure 29) of the average plot height from interferometry and LiDAR is drawn to show the 

relationship that exists between the height estimated from the two-data type. The coefficient of determination 

(R2), Pearson correlation coefficient (r) and root mean square error (RMSE) of the height from the two chm 

is 0.56, 0.75 and 4m respectively. The height pattern shows the existence of a linear relationship between the 

two heights retrieved from both datasets. 

 

Figure 29: A scatter plot showing the SAR interferometric height distribution in relation to height derived from LiDAR 

data. 

4.9. Tomographic distribution of the L-band cross polarised radar backscatters in relation to AGB 

Fourier analysis was used for tomographic reconstruction of backscatter in height direction for a given range 

of pixels. The SAR signals are observed to be distributed in the ground and upper forest canopies (Figure 

30b). However, the distribution is not constant due to the forest structure variation as seen in Figure 30a. We 

can also observe that, in dense forest areas stronger scattering amplitude is visible in the canopy compared to 

less/non-vegetated areas where ground scattering dominates (Figure 30b). Ground backscatters are observed 

because of SAR signal penetration below the canopy and signals from open areas. These results proves that, 

tomography can be effective in AGB/carbon analysis.  
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(a) 

   
(b)                

Figure 30: Vertical tomographic slice. (b) of backscatter variation through forest canopy through azimuth red line (a). 

The backscatter intensity increases from green to red. The red line in (a) shows the test slice used in the analysis. 

Through the profile, it is easy to distinguish the scattering contribution (ground scatters-blue circle, canopy scatters-red 

circle).  

4.9.1. Vertical distribution of HV backscatter in relation to height estimated from DEM differencing algorithm 

The scatter plot (Figure 31) shows the backscatter distribution in relation to interferometric phase height 

obtained using DEM differencing of HV, HH ALOS-2 PALSAR-2 interferometric images. Most of the high 

backscatter power (red color in Figure 31) scattering mechanisms are observed to fall in the lower forest layer 

(ground layer). The ground scatters are known to have an effect in determining the relationship between the 

backscatter from the forest and AGB. 

 

Figure 31: Scatter plot of the HV backscatter distribution in relation to DEM differencing interferometric height. 
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X 1000 
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4.10. Estimated AGB and carbon stock of the study area 

The study area AGB and carbon stock estimation were done using inversed logarithmic models developed in 

section 3.6.6, Table 3 - model 1 and 2 as shown in Figure 32, 33a and b respectively. The AGB were 

estimated based on the logarithmic model developed by the existing relationship between AGB and cross-

polarised backscatter. The estimated AGB were converted to carbon stock using a conversion factor of 0.5 

(Hirata et al., 2012). The total AGB and carbon stock for the study area was estimated to be (AGB ≈ 

282770tons, carbon ≈ 141385tons) and (AGB ≈ 285930tons carbon ≈ 142965tons for September 2016 and 

September 2017 respectively. 

  

(a)                                                                            (b) 

Figure 32: Distribution of AGB and carbon stock in the study area as of september 2016. (a) AGB distribution (b) 

Forest carbon stock distribution 

    
        (a)                                                                                (b) 

Figure 33: Distribution of AGB and carbon stock in the study area as of september 2017. (a) AGB distribution (b) 

Forest carbon stock distribution 
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5. DISCUSSION 

5.1. The Relationship between AGB and L-band cross polarized radar backscatters 

In this study, we used 23 field plots from the study area. Out of 23 plots, 14 plots were used for model 

development, and the remaining 9 plots were used for model validation. The relationship between the cross-

polarised backscatter and the AGB were assessed using linear and logarithmic regression analysis. 

In the meantime, the window size of 5 x 5 pixels, were used to retrieve average backscatter values for each 

field plot, the retrieved average backscatter was correlated with the selected observed field AGB plots (14 

plots) for model development. A strong relationship (r) of 0.932 ≈ 0.93 was observed between the cross-

polarised backscatter and AGB at a significant level of 95% and 99%, meaning that the SAR backscatter 

responds well to AGB increase and can be used to estimate AGB. The same trend of relationship can also be 

seen in density plot figure 20(a) and 21(a), where the AGB and backscatter distribution follow the same 

pattern. 

Consequently, further analysis using regression technique was done to assess the relationship between cross-

polarised backscatter and AGB. According to the regression results, the linear regression analysis appeared to 

show a moderate relationship between cross-polarised backscatter and AGB than using logarithmic regression 

with R2 of 0.76 and 0.87 respectively. It shows that 76% and 87% of the variation in AGB are explained by 

the cross-polarised backscatter, leaving out 24% and 13% unexplained variation in AGB using linear and 

logarithmic model respectively. These results indicate that the logarithmic regression model is a more 

appropriate candidate for modelling the AGB as it has higher R2 compared to the linear regression model. 

Moreover, looking at Figure 23 (b) in comparison to Figure 23 (a) and the behaviour of the data points is a 

proof that logarithmic regression best fit and represent such a relationship better than the linear regression. 

Almost similar results were achieved by Hamdan et al. (2011) in Malaysian tropical forest not so far from 

Berkelah in which they show that the best model fit the relationship between AGB and ALOS PALSAR L-

band HV polarised backscatter was the logarithmic regression. Their scatterplot looks almost the one 

presented by this study (Figure 34). Moreover, their R2 is very close to the one achieved in this study. 

However, a study done by Sumareke, 2016 showed that AGB is highly related with cross-polarised 

backscatter using linear regression with R2 of 0.817 which contrary to our results. The reason for the 

difference is attributed to the AGB ranges in their study 60.16 – 367.07ton ha-1 as opposed to our study AGB 

range 8.7 – 700ton ha-1. In another study by Mitchard et al. (2009) which was done in tropical Africa to assess 

AGB using ALOS PALSAR L-band HV polarisation, they found out that logarithmic regression relationship 

is the most appropriate to characterise the such a relationship. Their R2 was close to the one that this study 

has come up with (Figure 35).    
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Figure 34. The scatter plot of the logarithmic regression of AGB and ALOS PALSAR L-band HV polarisation by 

Hamdan et al. (2011) in tropical rainforest of Malaysia. 

 

Figure 35.  From Mitchard et al. (2009) ALOS PALSAR (a) HH and (b) HV backscatter in 4 locations of African 

tropical forest in which radar backscatter plotted against field-measured AGB (Mg/ha) for all four sites combined, with 

the x-axes shown with conventional and log10 scales. 

5.2. Biomass saturation 

Despite having practically, a good relationship between the SAR backscatter and AGB, the predictive 

capability of the SAR backscatter tends to level off at 270 tons ha-1 (Figure 24). Essentially after this point, the 

regression line did not shift appreciably upward. Instead, a decreasing trend of the backscatter as AGB 

increased was observed.  

The reason for Biomass saturation can be explained as: 

Moisture content: The reason for saturation are associated with varying moisture content in the forest 

which reduces the signal strength of the backscatter particularly from ground trunk interaction at higher AGB 

(Imhoff, 1995). 
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Forest structure variation:  Areas with low AGB (vegetation) and canopy gaps (sparse vegetation) increases 

the power signal reflected to the sensor causing an increase in AGB. According to Hamdan et al., (2015), a 

good result from L-band Palsar data can be obtained when the backscatter interacts with forest canopies, as 

opposed to when the backscatter is a mixture of canopy and ground reflection. 

Similar AGB saturation results were obtained from the research done by Hamdan et al., (2015) for 

determining L-band saturation level for AGB of dipterocarp forests in Peninsular Malaysia, where a 

saturation point of 200tons ha-1 was estimated. AGB was observed to increase rapidly at low AGB level up 

to (<200tons ha-1) with R2 of 0.7558 and decrease at higher AGB values (>200tons ha-1) R2 of 0.0264. 

Moreover, when all AGB values were combined the overall R2 decreased to 0.3553. Other studies also 

reported that AGB saturation occurs at  120.7tons ha-1 for boreal forest (Suzuki et al., 2013), 40 tons ha-1 for 

Broadleaf evergreen forest at L-band (Figure 35) (Imhoff, 1995), which is lower than our predicted saturation 

point. A study by Yu & Saatchi, (2016) reported the average saturation level for AGB estimation from 

different forest types using HV backscatter to be  ≥100tons ha-1, the forest types were Tropical Moist 

Broadleaf, Temperate Broadleaf/Mixed, Temperate Conifer, Tropical Savanna/Shrub, Tropical Dry 

Broadleaf, Boreal + Tundra. 

 
Figure 36: L-band backscatter saturation at lower AGB values. (As adopted from Imhoff, 1995)  

According to Mitchard et al. (2009) “radar backscatter response saturates at higher biomass values in savanna 

ecosystems, at a variable point (>60 Mg ha_1, >80 Mg/ha, and >150 Mg/ha, all using different L-band 

systems). This saturation point is due to the competing mechanisms of scattering and attenuation 

(absorption) of microwave energy in the canopy of the vegetation, and it is highly dependent on the canopy 

density, stem density, tree species, and vegetation and soil moisture conditions, as well as the characteristics of 

the radar data used. Nevertheless, this point is high enough that useful biomass estimates are possible for 

mixed tree-grass systems (savannas and woodlands), as these typically have maximum AGB values <100 

Mg/ha, though higher values can exist in gallery forests (Brown, 1997)”. 

 

In addition to that, a study was done by Hamdan et al., (2015) on L-band saturation level for above ground 

biomass of dipterocarp forests in Peninsular Malaysia. They revealed that AGB estimation with higher AGB 

values has a weaker relationship with cross-polarised backscatter; they obtained (R2 of 0.0264) at AGB values 

>200Mg ha-1. The decline in the correlation between AGB and the SAR Backscatter is attributed to unstable 

scatters or signals coming from higher AGB values (Le Toan et al., 2004). 
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The existence of a logarithmic relation between the L-band backscatter and AGB is due to the radar signal 

saturation as they are reflected from the forest. This saturation effect is more profound in mature forest 

stands which have higher canopy cover and higher amount of AGB than in growing forest (Imhoff, 1995). 

5.3. The Relationship between AGB and time series of L-band polarized backscatters and its influence on 

carbon stock sequestration estimation 

This section explored the effectiveness of using multi-temporal L-band Polarized Radar images in modelling 

AGB, essentially by deriving its relationship with AGB and Estimation of the amount of sequestered carbon 

in a year period. The results indicated existence of higher relationships between AGB and time series L-band 

Polarized Radar Backscatters (section 4.6). However, there was also an increase in R2 from 0.82 up to 0.87 

and a decrease in RMSE from 79.8ton ha-1 to 68ton ha-1, using logarithmic regression for September 2016 to 

September 2017 SAR backscatters respectively, indicating an increase in AGB/carbon stock in the study area. 

However the simple linear regression analysis resulted in a decrease in R2 from 0.82 up to 0.87, this decrease is 

attributed to saturation effect of the backscatter to higher AGB values (Hamdan et al., 2015). Thus, 

logarithmic regression was preferred for AGB/carbon stock estimation and carbon sequestration estimation 

because it responds well to the saturation trend, hence better estimates can be made. From this study, it was 

also found that, the average amount of AGB estimated increased from 192.69tons ha-1 in September 2016 to 

199.93tons ha-1 in September 2017. These results paved the way for calculating the amount of carbon 

sequestered in a year period by the forest using a subset from the study area. A total of 3.62ton ha-1 was 

determined as the amount of carbon sequestered by the forest from September 2016 to September 2017.  

The results of the amount of sequestered carbon from this study are related to similar studies done by Fan et 

al., (1998) and Malhi et al., (1999), wherein their studies they found that tropical rainforest carbon 

sequestration rate ranges about 2.0 to 5.9 t C ha-1 per year. In their studies, they also indicated that the carbon 

sequestration rate in a year also varies depending on the forest susceptibility to logging intensities and 

unpredictable hazards such as forest fires. 

On the other hand, we tried to incorporate the SAR image acquired in January 2017 for the backscatter 

analysis in relation to AGB. However, the relationship resulted in a substantial decrease in R2 to 0.53 and 0.6 

and an increase in RMSE to 129tons ha-1, 119tons ha-1 for logarithmic and linear regression respectively. The 

decrease is attributed to environmental condition effect (moisture) introduced by long time rainfall over the 

study area (October to January) resulting in high backscatter signal to be recorded. As it can be noted in 

Figure 36 (blueline-January 2017 image) the backscatter variation at a given point exists between different 

time periods of SAR data acquisition. The images acquired in September are similar or correlated with low 

backscatter values as opposed to the January backscatter image which has relatively abnormal high 

backscatter values over the same forest plots. The reason for this is attributed to soil moisture variation over 

different time periods; higher moisture content has an influence on backscatter resulting in more of surface 

scattering than volume scattering which is highly related to AGB. Also, a study was done by Wang et al., 

(1992) reported a backscatter value increase of 5dB and 3dB with an increase in soil moisture for both low 

and AGB vegetation respectively. Appendix 5 shows the average precipitation variation in the study area. 

From this study, we can see that it is possible to estimate the amount of sequestered carbon provided that 

data be acquired on the given month interval while avoiding influence from environmental factors (moisture 

in this case). The strength of the model used for carbon sequestration estimation relies on the fact that, the 

two image backscatter data were acquired almost exactly the same period. Moreover, the SAR backscatter 
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cross-polarisation used includes volume scattering which relates closely to AGB, thus making it possible to 

achieve the results (Antropov et al., 2017). 

 
Figure 37: Temporal backscatter distribution from the field plots. (The orange and red line represents backscatter of 

September 2016 and 2017 images respectively; the blue line represents the backscatters from January image). 

5.4. The relationship between AGB and a combined L-band HV, HH polarised radar backscatter in relation to 

single HV backscatter 

On analysing the relationship between AGB and dual polarised backscatters (HV, HH), resulted in an R2 of 

0.88 and RMSE of 65tons ha-1 which is an increase in R2, for 1% difference from the lone HV model. 

However, this result did not achieve a significant improvement in R2 when compared to the AGB model 

developed using only HV backscatters with R2 of 0.87, RMSE 68tons ha-1. The multiple regression model did 

not achieve significant improvement because the added HH variable was not significant at p-value 0.95 or 

0.95, meaning that the estimated AGB using the multiple regression model are significantly different from the 

observed AGB values. The reason for this is attributed to surface scattering characteristics of HH 

backscatters as opposed to volume scattering of HV backscatters (Antropov et al., 2017). The result of this 

study differs from a study by Sumareke, (2016) which suggested that addition of HH backscatter would have 

promising improvement in R2 and eventually AGB modelling. 

5.5. The relationship between interferometric forest height and LiDAR forest height 

The comparison of the relationship between interferometric forest height from model inversion heights and 

LiDAR forest height was found to have a correlation coefficient r ≈ 0.75, R2 ≈ 0.56 and the RMSE of 4m at 

95% significance level. The relationship was interpreted as a moderate relationship. The moderate 

relationship between the Interferometric height and LiDAR height is attributed to low coherence (Figure  37) 

and phase noise which causes errors in the phase unwrapping process and eventually height retrieval (Lee et 

al., 2013). 

 

Figure 38: Coherence phase variation in the study area. The study area is dominated by low coherence values ranging 

from 0.1 to 0.6, posing errors in forest height retrieval. 
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These results, agreed with the study done by Lei & Siqueira, (2014) on the estimation of forest height using 

spaceborne repeat-pass L-band InSAR correlation magnitude over the US State of Maine. Were they obtained 

R ≈ 0.58, 0.49 and RMSE ≈ 3.6, 3.9 using images of different dates 07/10/2007 to 08/25/2007 and 

07/10/2007 to 10/10/2007 respectively (Figure 38). The InSAR height correlation was affected by temporal 

decorrelation and poor signal to noise ratio as a result of ground scattering. 

 
Figure 39: A quantitative comparison of ALOS InSAR inverted height and LiDAR height. (As adopted from Lei & 

Siqueira, 2014)  

Generally speaking height estimates from L-band InSAR applications has been successfully obtained when 

using airborne InSAR images with short temporal baselines, i.e. 40 min (Lei & Siqueira, 2014).  The L-band 

ALOS-2 PALSAR-2 data used for this study was having a temporal gap of up to 7months which poses an 

increase in temporal decorrelation effect, which results in the low coherence of signals from the forest. The 

low coherence is attributed the to change in vegetation and environmental conditions such as tree growth, 

wind, moisture.  

5.6. The relationship between tomographic backscatter layers and AGB 

According to Reigber & Moreira., (2000) SAR tomography is a multibaseline interferometry which requires 

number of tracks to be greater than two. On tomographic imaging done by  Cloude, (2007), he demonstrated 

the use of small number of baseline (dual baseline coherence tomography) for tomographic retrieval of forest 

vertical structure (Figure 40), comparable to the vertical sturcture of backscatter distribution retrieved in this 

study (Figure 30). In his paper, he demonstrated tomography based on the estimation of a Fourier Legendre 

series, that with two baselines (N) it is possible to retrieve up to five terms of the Fourier Legendre series (2N 

+1). Another study done by L. Li et al., (2015) achieved good tomographic results using only three flight track 

to reconstruct the DEM and CHM of the tropical forests using SAR tomography. Urasawa et al., (2016) also 

used three L-band Pi-SAR-L2 datasets to study the height distribution of SAR backscatter using SAR 

tomography analysis. 

Apart from retrieving the vertical tomographic slice for understanding the backscatter distribution from 

forest (Figure 30). This study was also aiming to retrieve the tomographic backscatter layers at different forest 

heights to derive the relationship between the height layer backscatter and AGB. However, technically the 

data processing to retrieve backscatter image layers from the canopy was not successful due to the following 

reasons. 

SAR tomography analysis requires a sufficient number of baseline which are regularly distributed to retrieve 

3-D scatter distribution in height direction. Thus, due to the limited number of images with irregularly spaced 

baseline available for this study, the 3-d image reconstruction in elevation direction was not able to separate 

multiple scatters at different forest height positions (Lombardini & Pardini, 2008). 
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In addition to that, the SAR tomography analysis for forest application is still at an early experimental stage. 

Thus most of the 3-D SAR image reconstruction are done using airborne remote sensing images and from 

SAR image simulations. The experimental and simulation data usually consists desired parameters for SAR 

tomography analysis, making it possible to achieve accurate tomographical results (Ho Tong Minh et al., 2014, 

2015; Lombardini & Reigber, 2014; Lombardini & Viviani, 2014; Tebaldini, 2010; Tebaldini & Rocca, 2012). 

Also, software which are freely available for SAR tomography processing are still at developmental stages, 

thus limited for robust tomographic analysis and parameter settings, e.g. PolsarPro. In another scenario, the 

robust tomoSAR processing modules, tomographic processor and platform are not easily/freely available as 

they are still in developmental stages by the developers. 

 
Figure 40: Azimuth tomographic slice through canopy. (As adopted from  Cloude, 2006) 

5.7. The research relevance for REDD+ 

An important aspect for REDD+ is to have a highly accurate method which can be used to estimate the 

AGB. From the results of this study, the L-band ALOS-2 PALSAR-2 data has greater potential to be used for 

AGB estimation. This is due to the potential of retrieving various forest parameters (volume, height) which 

can be utilised for AGB estimation and forest characterisation over the wider area. However, the L-band 

ALOS-2 PALSAR-2 SAR images are not freely available, which poses a limitation in the case when a larger 

number of images are required for processing, e.g. SAR tomography. Aside from that, the SAR backscatters 

have shown the potential for estimation of AGB/carbon stock and carbon sequestration estimation over a 

given period.  Hence, this research provides a window on the use of SAR data for AGB/carbon stock and 

carbon sequestration estimation. SAR data can be best utilised to enable the success of REDD+ to reduce 

emission from the atmosphere caused by unsustainable forest management and monitoring. 

5.8. Study limitations 

The cost associated with the acquisition of ALOS-2 PALSAR-2 images posed a more significant disadvantage 

to obtaining a sufficient number of images for SAR tomography analysis of SAR images. A sufficient number 

of images would provide the required baselines for vertical retrieval of backscatter reflectivity’s associated 

with the forest canopy. 

GPS error associated with identification plot centre. The shift in plot centre posed difficulties in the 

extraction of average plot backscatter values. Hence 5m which was the GPS error was added to a plot radius 

on each side to retrieve the average plot backscatter. However, this process has a smoothing effect to the final 

average plot backscatter value.  

The L-band ALOS-2 PALSAR-2 images had a gap of 7months between image acquisition which introduces 

temporal decorrelation errors in forest height estimation during interferometric analysis.   

Also, the ALS data used for this study were acquired in 2014, creating a gap of three years with field data 

collected (DBH) in 2017. This creates errors in height estimation due to tree growth and forest structure 

change thought to happen during the three-year gap period. 
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6. CONCLUSION 

6.1. Conclusion 

This study explored the use of ALOS-2 PALSAR-2 data for AGB/carbon stock and carbon sequestration 

estimation. The DBH from field and height from LiDAR data were used as reference data. The L-band 

ALOS-2 PALSAR-2 data were used for deriving the relationship between the SAR backscatter and AGB, 

which eventually resulted in a model for AGB and carbon estimation and mapping. The backscatter 

saturation point for AGB estimation were also analysed. We also, explored the  possibility of using radar data 

to assess the amount of carbon sequestered in a year using time series of L-band cross polarised radar 

backscatter data. The relationship between interferometric height and LiDAR height were also analysed. 

Likewise, we assessed the distribution of backscatter in height direction, and finally, AGB and carbon stock 

were estimated. The following conclusions addresses the research questions based on the results achieved 

from this research objectives. 

Research Question 1 

What is the relationship between the L-band cross polarised radar backscatter values and 

AGB/carbon stock from TLS and ALS data? 

• There is a high relationship between L-band cross polarised radar backscatter values and 

AGB/carbon stock with R2 of 0.87 and RMSE of 68tons ha-1. However, the relationship was a 

logarithmic relation were the AGB prediction increased with an increase of backscatter up-to a 

saturation point. The correlation analysis showed a high correlation of r=0.932. The high relationship 

was significant at 95% and 99% confidence level. 

• On the other hand, addition of like polarised backscatter did not significantly improve AGB 

estimates at 95% and 99% confidence level. 

Research Question 2 

What is the saturation point of AGB estimation in relation to the L-band cross polarised radar 

backscatter values? 

• The results of this study confirmed the presence of saturation on L-band cross-polarised SAR 

backscatter at the AGB of 270tons ha-1. The existence of saturation can be viewed as a limitation for 

estimation of higher levels AGB values >270tonsha-1. Thus, a direct linear relationship between HV 

backscatter and AGB may not be a correct approach to estimate AGB.  

Research Question 3 

Relationship between AGB and time series of L-band cross-polarized radar backscatter and its 

influence on carbon sequestration estimation 

• A higher relationship exists when multi-temporal L-band cross-polarised SAR backscatter, are used 

to model the relationship between SAR data and AGB. A significant relationship was observed with 

R2 of 0.82 and 0.87. The amount of carbon sequestered from September 2016 to September 2017 

was estimated to be 3.62 tons ha-1. From this result, we conclude that time series of SAR data can be 



ALOS-2 PALSAR-2 L-band cross-polarized radar data Analysis for modelling above ground biomass/carbon stock of tropical 

rainforest, Berkelah, Malaysia 

 

49 

 

used to model AGB/carbon stock and eventually estimate carbon sequestration rate with reasonable 

accuracy. 

Research Question 4 

What is the relationship between forest height estimated from interferometric SAR images of ALOS-

2 PALSAR-2 and ALS height? 

• The correlation and regression analysis between interferometric height and LiDAR-derived height 

revealed a moderate relationship r ≈ 0.75, R2 ≈ 0.56 and the RMSE of 4m. Besides, there was a good 

linear trend of height variation between the two datasets. Thus, a moderate accuracy in forest height 

estimation can be achieved, when L-band Alos2-Palsar-2 data are used to map forest height. 

Research Question 5 

What is the distribution of the L-band cross polarised radar backscatters in height direction in 

relation to AGB? 

• By visual analysis of a tomographic profile of a slice from the L-band Alos2-Palsar-2 images, the 

backscatter contribution comes from both ground and canopy layers of the forest. High power signal 

backscatter was observed in the ground and a sub-top layer of the canopy, indicating an influence of 

topography on backscatter reflected to the satellite sensor hence affecting AGB estimation.  

Research Question 6 

What is the AGB/carbon stock estimated by L-band cross polarised radar backscatter image?  

• A total of 285930tons and 142965tons of AGB and carbon was estimated for the whole study area 

by September 2017 respectively. The minimum and maximum AGB per ha were estimated to be 

10.3tons ha-1 and 970tons ha-1 respectively.  

6.2. Recommendation 

On relationship between AGB and SAR backscatters 

• When it comes to establishing the plot centre, more accurate GPS system should be used for reading 

and recording the plot centres as well as tree locations. 

On biomass Saturation 

• Models for AGB estimation with SAR backscatter achieves high accuracy and results when used in 

forests with low to moderate AGB values. This favours its use in low AGB forest as compared to 

higher AGB forest with high structure variability. In addition to that more improved algorithm as in 

(Ho Tong Minh et al., 2016) can be used to improve the results. 

On relationship between AGB and time series of L-band polarized radar image parameters 

• A number of images covering the whole year period can be acquired to do more study on the 

influence of time series images on AGB/carbon stock estimation and carbon sequestration. Also, 

preferred time of image acquisition with less effect on backscatter signal relationship with AGB can 

be established. 
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On interferometric height 

• To achieve more accurate forest height results using SAR interferometry. Low wavelength band SAR 

images (X-band) should be used as the satellite signal do not penetrate the canopy. Hence backscatter 

contribution will consist of only surface backscatters from the top forest canopy as opposed to 

volume scattering by larger wavelength bands (C, L and P).  

• Temporal decorrelation can be reduced by taking images acquired in a very short time interval to 

maximise retrieval of high coherence in forest areas which results in high accurate interferometric 

results. This can be achieved by employing SAR satellite system which co-fly in close information or 

satellite in bistatic mode (Fu et al., 2014). 

On SAR tomography analysis 

• A sufficient number of images should be acquired to establish a required baseline for vertical retrieval 

of backscatter values for AGB estimation.
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APPENDICES 

Appendix 1: Field data collection sheet 
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Appendix 2: Statistical summary output of regression results 

Table A:  Summary of linear regression statistics between September 2016 HV backscatter and AGB 

Regression Statistics 
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Multiple R 0.876843 
    R Square 0.768854 
    Adjusted R Square 0.749592 
    Standard Error 97.70343 
    Observations 14 
    

      ANOVA 
       df SS MS F Significance_F 

Regression 1 381028.7 381028.7 39.91517 3.84E-05 
Residual 12 114551.5 9545.961 

  Total 13 495580.2       

        Coefficients Standard_Error t Stat P-value 
 Intercept 1207.132 141.7414 8.516439 1.97E-06 

 HV_2016 69.84126 11.0546 6.317846 3.84E-05 
  

 

Appendix 3: Results of the linear and logarithmic regression between AGB and HV backscatter for the 28 January 2017 
backscatter image. 

 

     

 

 

 

 

 

 

Appendix 4: ALOS-2 PALSAR-2 SAR image footprint as viewed in Google Earth  
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Appendix 5: Average monthly rainfall pattern over the year in Kuantan, Malaysia 

(source: https://weather-and-climate.com/average-monthly-Rainfall-Temperature-

Sunshine,Kuantan,Malaysia)  

 

 

 

 

 

 

 



ALOS-2 PALSAR-2 L-band cross-polarized radar data Analysis for modelling above ground biomass/carbon stock of tropical 

rainforest, Berkelah, Malaysia 

 

61 

 

Appendix 6: Backscatter images of September 2016, January 2017 and September 2017 for Berkelah tropical rain forest, 
Malaysia 
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