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ABSTRACT 
 

Savannahs are globally important but not well understood systems. They consist of the 

coexistence of trees and grasses. A major challenge in savannah ecosystems studies is 

the need of maps of vegetation structure over large areas where the field data collection 

is impractical and time consuming. Active remote sensing such as spaceborne LiDAR 

and RADAR has experienced limited use in these complex heterogeneously vegetated 

systems. This thesis examines the ability of spaceborne ICESat-GLAS data to retrieve 

vegetation parameters from these more structurally and sparsely complex vegetated 

ecosystems. 

For this main purpose, two methods of retrieving savannah vegetation heights from 

GLAS data were explored based on Gaussian decomposition. Results showed that the 

direct method works well over flat areas (R=0.63 and RMSE=1.32m; R=0.68and 

RMSE=2.61m; n=12) for GLA01 and GLA14 respectively, while sloped areas need 

statistical methods to remove the effect of terrain slopes on the waveform extent for 

better estimation of maximum vegetation height (R²=0.78 and RMSE =14.5m; R²=0.67 

and RMSE=17.5m; n=6) for using terrain index and waveform width as a terrain 

correction factor in regression models. 

This work has compared the estimation of vegetation parameters derived from airborne 

LiDAR data and field measured data with results from spaceborne GLAS LiDAR data. 

GLAS estimated stand density produced R=0.98 with those estimated from airborne 

LiDAR data. Moreover, GLAS ratio which related to the amount of woody cover in 

each footprint shows a strong relationship with those extracted from LiDAR airborne 

data (R=0.93) and also presents a good correlation (R=0.85) when compared with 

woody cover field observations. 

In addition, ALOS PALSAR RADAR data was used to evaluate the results of 

estimating woody cover from GLAS LiDAR waveform parameters in another site at the 

Kruger National Park. This comparison showed a significant correlation between GLAS 

estimated woody cover and ALOS L-band HH backscatter (R=0.59). This work 

provides an important source of knowledge for the South Africa National Parks 

(SANParks) Authority with a powerful tool for an adequate spatially-consistent 

monitoring and assessment of the woody vegetation structure of savannah landscapes. 
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CHAPTER ONE 
 

INTRODUCTION 
 
1.1 Research rationale 

Savannahs cover approximately half of the land surface of Africa and comprise one fifth 

of the earth surface of the world (Scholes and Walker, 1993). They are one of the most 

important, but least understood, terrestrial ecosystems. Savannah ecosystems are the 

basis of the African livestock industry and the wildlife diversity they support is of key 

importance in bringing in tourists (Scholes and Archer, 1997; Scholes et al., 2004). 

Therefore, an understanding of the savannah landscape structure and dynamics has great 

implications for land management efforts. 

 

Savannahs can be defined as heterogeneous systems characterized by the coexistence of 

grasses and woody trees which support high fauna and flora diversity. The balance 

between these two life forms influences both plant and livestock production, and has 

profound impacts on several aspects of ecosystem function, including carbon, nutrient 

and hydrological cycles (Scholes and Archer, 1997; House et al., 2003; Jackson et al., 

2002). Growing recognition of the importance of the structural component of savannah 

landscape diversity has highlighted the demand to understand the spatial distribution 

and temporal dynamics of woody plant structural diversity (Levick and Rogers, 2008). 

Moreover, savannah ecosystems show considerable structural variation in tree density 

and size. This variation has attracted ecologists for several decades (Scholes and 

Walker, 1993; Sankaran et al., 2004, Sankaran et al., 2005) and explanations for it have 

been varied: from competition for resources such as water and nutrients, to the effects of 

disturbance factors such as fire, aridity and large herbivores (Higgins et al., 2000; Styles 

and Skinner, 2000; Bond et al., 2003).  
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Since savannah ecosystems are known to have a wide range of highly specialized plants 

and animals (Solbrig et al., 1996), and an extremely layered structure, they offer a 

challenge of an altogether different magnitude for new remote sensing techniques 

(Nagendra, 2001). Due in part to this challenging complexity, the use of passive and 

active remote sensing in tropical grasslands has largely been limited to studies of fire in 

savannah systems (i.e., Alleaume, 2005 and Roy et al., 2005). Additionally, most 

studies of temporal change in savannah have employed the use of satellite images or 

black and white aerial photography; and, while these methods are useful for 

investigating changes in woody cover over time, they are not able to portray the three-

dimensional structure of vegetation cover. Active systems, such as Light Detection and 

Ranging (LiDAR) technology have enabled three-dimensional information of 

vegetation to be obtained remotely over large areas, which provides useful vegetation 

information for sustainable ecosystem management. However, the use of LiDAR has 

gained considerable momentum in forested areas but has rarely been applied to 

savannah ecosystems (Levick and Rogers, 2008). 

 

The relatively new Ice, Cloud and Elevation Satellite (ICESat) and its sole onboard 

instrument, the Geosciences Laser Altimeter System (GLAS) has been an active area of 

research in recent years, specifically in temperate and boreal forests (i.e., Ranson et al., 

2004a; 2004b; Lefsky et al., 2005; Lefsky et al., 2007; Duong et al., 2008; 

Neuenschwander et al., 2008; Rosette et al., 2008; Sun et al., 2008; Pang et al., 2008; 

Chen, 2010; Duncanson et al., 2010), but has been insufficiently explored for ecological 

research in savannah ecosystems (Levick and Rogers, 2008). Canopy height is one of 

the leading dimensions of ecological variations among tree species (Westoby et al., 

2002) and is central to ecosystem function (Moles et al., 2009).  
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The main purpose of this research project is to assess firstly the ability of ICESat-GLAS 

LiDAR full waveforms to retrieve the vertical canopy structure for characterizing 

canopy structure over savannah vegetation landscapes in Kruger National Park in South 

Africa. This helps to derive structural indices for savannah landscapes in order to 

understand the landscape dynamics, which has great implications for land management. 

Furthermore, the anticipation of ICESat-1 follow-on mission ICESat-2, which is 

currently being studied by NASA, provides an important prospect for exploring changes 

in woody vegetation cover over time with the measuring of the three-dimensional 

structure of ground and vegetation surfaces. For the ICESat-2, the planned mission is a 

footprint size of approximately 50 m and a sampling rate of 50 Hz with 140 m long 

track spacing. This will improve mapping of forest heights and biomass as the areas 

between tracks are filled in and the spatial density of observations increases (Abdalati et 

al., 2010). However, the vegetation science community desires smaller footprint size 

and higher sampling rate (i.e. 25 m and 240 Hz) in order to enhance monitoring of the 

structural changes in woody vegetation over large spatial areas and hence establish the 

role of disturbance factors in altering the heterogeneity of savannah systems. This 

would improve understanding of where structural changes occur spatially and how this 

could help clarify the differential effects of disturbance factors such as fire, aridity, and 

large herbivores on vegetation structure (Levick and Rogers, 2008).    

 

The outcome of this research will provide an important source of knowledge for the 

South Africa National Parks (SANParks) Authority and also provide the land mangers 

with a powerful tool for mapping and monitoring the woody vegetation structure of 

savannah landscapes, which can contribute towards the biodiversity management goals 

of SANParks and the better management of the national parks. 
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1.2 Vegetation habitat structure and savannah vegetation structure 

Quantifying savannah structure is an important component of understanding savannah 

ecosystems. Horizontal and vertical diversity are two important components of 

vegetation habitat structure. Horizontal diversity refers to the complexity of the 

arrangement of vegetative communities and other habitats. In other words, the greater 

the range of size classes present, the greater the potential that more plant and animal 

species will be present. Vertical diversity refers to the extent to which plants are layered 

within a stand. The level of layering is determined by three elements. The first one is by 

the arrangement of growth forms of trees, vines, herbs, shrubs, mosses and lichens. The 

second one is by the distribution of different tree species having different heights and 

crown characteristics; and the third is by trees of different ages of the same species. The 

degree to which vertical structure varies within the stand determines the level of vertical 

diversity. Hence, the number of species (species richness) that occupy a given forest 

habitat is the mixture of its horizontal and vertical diversities (DeGraaf et al., 2006).  

 

Structural diversity may be applied to a wide array of spatial scales, ranging from the 

architectural structure of a single tree to community vegetation patterns in the horizontal 

and vertical plane or mosaic patches on a landscape scale (Tews et al., 2004). Species 

diversity and structural diversity are closely inter-linked. Indeed, a study by Huang et 

al. (2003) has revealed that species richness was significantly associated with forest 

structure, which is comprised of stand density, diameter size, and size distribution 

attributes, and species composition of tropical forest habitats. In arid and semi-arid 

savannah, structural diversity is largely determined by woody vegetation. Both solitary 

trees and shrub individuals or patches are key components in savannah landscapes 

(Tews et al., 2004). 
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Savannah ecosystems can be defined as heterogeneous environments driven by a wide 

range of interacting factors (Scholes and Archer, 1997); therefore, the structure of 

savannah vegetation is influenced by the interactions of several drivers including 

climate, resource availability, competition, fire, and grazing, which occur at various 

spatial and temporal scales (Scholes and Archer, 1997). In other words, savannah 

structure is determined by the availability of the resources, such as water and nutrients; 

disturbance regimes such as fire and herbivory (Scholes and Archer, 1997; Pickett et al., 

2003).  

 

The proportion between trees and grasses in savannah ecosystems has shifted over time, 

governed by natural and anthropogenic disturbance (Fahrig and Merriam, 1985).  

Human activity causes the major environmental changes in most parts of African 

savannah ecosystems either directly as wood cutters and farmers, or indirectly through 

their ability to operate fire and to influence herbivore numbers and distribution, both by 

managing domestic animals and by hunting (Frost et al., 1986). However, a study by 

Sankaran et al. (2005) revealed that water is the primary driver of the vegetation 

structure and ecological stability in Southern African savannahs. Rainfall amount 

determines grass biomass productivity, fuel load and hence fire frequency, which affects 

mortality and establishment of trees and grasses (Tews et al., 2004). These findings 

provide insights into the nature of savannah in Africa and suggest that changes in 

precipitation in the future may significantly affect savannah dynamics and distribution 

(Sankaran et al., 2005). 

 

The variability in these ecosystems presents challenges to their management and 

conservation (Levick and Rogers, 2008). The mechanisms that permit trees and grasses 



 

6 
 

to coexist without displacing each other, and the driving factors that determine the 

relative proportions of woody and herbaceous components across different savannah 

ecosystems are still unclear  and  have  been a vital field of research in biogeography 

and ecology for decades (Scholes and Archer, 1997; House et al., 2003). The majority 

of these studies explain  the persistence of tree-grass mixtures in savannah ecosystems 

thus far, but perceptions vary on whether the number of interactions that characterize 

savannah ecosystems result in a tree-grass coexistence that is „stable‟ or „unstable‟ 

(Scholes and Archer, 1997).  

 

Generally, the suggested explanations for the coexistence of both trees and grasses in 

savannah systems fall into two categories (Sankaran et al., 2005). The first one is the 

explanation of the competition-based models, which emphasizes the fundamental role of 

competitive interactions in promoting the coexistence of both tree and grasses. 

Competition-based models are predicated on classic niche-separation mechanisms of the 

persistence of both trees and grasses, and invoke variances in the potential of resource 

acquisition of trees and grasses as the main process characterizing savannah 

communities (Walter, 1971; Walker et al., 1981; Eagleson and Segarra 1985; Eagleson, 

1989; Langevelde et al., 2003; Fernandez-Illescas and Rodriguez-Iturbe, 2003). In these 

models, coexistence is due to spatial and/or temporal niche variations between trees and 

grasses that serve to concentrate the competition of intra-relative to inter-life form 

(Chesson and Huntley, 1997; Chesson, 2000; Amarasekare, 2003). 

 

The second explanation is focused on the limiting roles of demographic bottlenecks to 

tree establishment and existence in savannah ecosystems. Demographic bottleneck 

model explanations argue that the fundamental existence of trees in savannah is 
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demographic and not competitive in nature (Higgins et al., 2000). Therefore, the 

coexistence of both trees and grasses in savannah is because of climatic variability 

and/or disturbance factors such as grazing and fire, which determine successful tree 

seedling germination, establishment, and/or evolution to mature size classes (Menaut et 

al., 1990; Hochberg et al., 1994; Jeltsch et al., 2000; Higgins et al., 2000; Van Wijk and 

Iturbe, 2002).     

  

Indeed, ecologists continue to debate the validity of these two patterns in an attempt to 

resolve the „savannah question (Scholes and Archer, 1997; Higgins et al., 2000; Jeltsch 

et al., 2000). In the recent years, demographic bottleneck models of tree-grass 

coexistence in savannahs have gained favour over competition-based models (Scholes 

and Archer, 1997; Higgins et al., 2000; Jeltsch et al., 2000; van Wijk and Iturbe, 2002). 

However, ecologists still seek additional explanations of savannah mechanisms (Jeltsch 

et al., 2000). Therefore, understanding the drivers that have the potential to severely 

alter the vegetation structure in savannah ecosystems is essential to successful 

management and conservation of those ecosystems (Levick and Rogers, 2008). 

 

Broadly, vegetation canopies have three-dimensional elements, which are length, width, 

and depth. Therefore, in order to understand the relationship between structural and 

compositional diversity, vegetation canopies should be described as three-dimensional 

surfaces (Rotenberry and Wines, 1980). Recently, it has been evident that measuring the 

horizontal structure alone is insufficient to characterize the impacts of land cover 

change on structural diversity (Trzcinski et al., 1999). Sufficient consideration of both 

dimensions simultaneously is lacking (Rotenberry and Wines, 1980).Vegetation 

structure can be estimated by using three types of measurements: canopy height, crown 



 

8 
 

canopy cover and biomass distribution (Rotenberry and Wines, 1980). Crown canopy 

cover is an important predictor of biodiversity (Trzcinski et al, 1999).   

      

1.3 LiDAR remote sensing for vegetation structure 

Generally, measurements of vegetation canopy structure are made by developing 

empirical relationships between field-derived measurements of the biophysical variables 

and the intensity of the return signal from remote sensing sensors. However, many 

remote sensing techniques are not ideally suitable for measuring forest canopy structure 

in the vertical dimension (Harding et al., 2001). This is particularly true in forests that 

are older or structurally complex or have closed canopies when using passive remote 

sensing techniques (Steininger, 1996; Treuhaft and Siqueira, 2000; Bebi et al., 2001).  

 

The signal from passive sensors is dominated by the upper layers of vegetation 

canopies, and very little solar radiation reaches the surface under the canopies and is 

returned to the sensor. This makes it difficult for these techniques to provide a vertical 

dimension for the vegetation canopy structure. Unlike passive sensors, active sensors 

offer a promise of measuring vegetation canopy structure in all vegetation types and 

uniquely have the ability to provide measurements of vertical structure (Lefsky et al., 

1999a; Lefsky et al., 2002; Drake et al., 2003).  

 

Light detection and ranging (LiDAR) technology is an active remote sensing technique 

which uses precise spatial location and the two way travel time of laser light pulses to 

produce a highly accurate representation of the targeted ground area, with a capability 

of simultaneously mapping the Earth surface and overlying features (Means et al., 

2000).  
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Today, LiDAR technology, which until recently has been limited to airborne systems, is 

the most promising sensor for remote sensing estimation of forest attributes (Lefsky et 

al., 1999a,b; Lefsky et al., 2002; Drake et al., 2003; Patenaude et al., 2004). Studies 

have proved that aircraft LiDAR has the capability to measure forest height with high 

accuracy and that vegetation structure, biomass and other vegetation canopy attributes 

can be estimated (Lefsky et al., 1999 a, b; Nelson et al., 1997; Means et al., 2000). The 

success of airborne LiDAR in vegetation environments such as VCL (Vegetation 

Canopy LiDAR) and LVIS (Laser Vegetation Imaging Sensor) has ultimately led to the 

implementation of a spaceborne LiDAR mission for vegetation studies (Blair et al., 

1999; Hese et al., 2005).These advanced systems record a full vertical profile of data in 

the vegetation within small sized, medium sized and large sized footprints (Duong et 

al., 2008).  

 

In January 2003, the Ice, Cloud and land Elevation Satellite spaceborne laser altimeter 

system (ICESat) was launched with the main objectives to measure polar ice sheet 

elevation change, aerosol properties and atmospheric profiles, land topography profiles, 

and height of vegetation canopies (Zwally et al., 2002). These aims are accomplished 

through the use of the Geosciences Laser Altimeter System (GLAS) which acquires 

elevation waveform profiles of the entire earth (Zwally et al., 2002). Waveform LiDAR 

has been used successfully in defining many forest attributes such as canopy height and 

structure (Harding et al., 2001; Goetz et al., 2007).     

    

1.4 LiDAR in vegetation ecosystems and wildlife applications 

LiDAR technologies in vegetation applications have been successfully used to estimate 

many vegetation parameters such as canopy height, biomass, canopy density and basal 
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area (Nilsson, 1996; Nelson, 1997; Lefsky et al., 2002a). Airborne small footprint 

LiDAR systems have been effectively used in forest inventory and topographic 

mapping; while spaceborne large footprint LiDAR systems, which cover large areas, 

have explicated very promising results in forest parameters estimation (Yong and 

Zengyuan, 2004). Furthermore, despite the complexity of tropical forests, the potential 

of full waveform LiDAR to estimate the tropical forest attributes is evident (Lim et al., 

2003). 

 

LiDAR data have also been used to classify species communities. The work of Douglas 

(2004) has shown that discriminate analysis can successfully separate pines and mature 

hardwood in the south-eastern United States, based on the density and intensity of 

LiDAR returns, with an overall accuracy rate of 72 %. Another study using LiDAR as a 

predictive tool that helps in creating distribution models that are based on what is 

known about species preferences was conducted by Nelson et al. (2005); they realised 

that the Delmarva fox squirrel was endemic to older forested stands with closed 

canopies and open understories. Using this knowledge with LiDAR analysis has 

successfully improved identification of potential habitat based on height of canopies 

derived from LiDAR data. 

 

There have been comparatively few studies regarding the airborne LiDAR data in the 

field of savannah mapping (Levick and Rogers, 2008). However, most conducted 

research regarding ICESat-GLAS has been in temperate and boreal forests (i.e., Ranson 

et al., 2004; Lefsky et al., 2005a; Lefsky et al., 2007; Duong et al., 2008; 

Neuenschwander et al., 2008; Rosette et al., 2008a; Sun et al., 2008; Pang et al., 2008; 

Chen, 2010b; Duncanson et al., 2010). Therefore, the goal of this research is to evaluate 
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the use of ICESat-GLAS LiDAR data for characterizing savannah vegetation structure 

in Kruger National Park in South Africa. 

 

1.5 Aim and objectives 

In summary, savannahs are globally important but not well understood ecosystems. 

They are heterogeneous in their floristic and structural composition. The recent 

development in LiDAR remote sensing technology offers opportunities to better 

understand the structure of savannah habitats. The main aim of this research is to 

evaluate the potential of ICESat-GLAS to estimate vertical canopy structure over 

savannah landscapes for characterizing savannah vegetation landscapes in Kruger 

National Park in South Africa.  

 

In order to achieve this, the research objectives are: 

1. To investigate the accuracy of the level 2 altimetry product in comparison to 

reference data. 

2. To investigate the GLAS footprint in details by conducting a field study to ascertain 

the potential of GLAS full waveforms for studying savannah structure in Kruger 

National Park (KNP). 

3. To develop and evaluate methods for deriving vegetation structure parameters from 

large GLAS footprints LiDAR waveforms which account for the discrepancies in 

canopy height estimation. 

4. To evaluate estimated GLAS waveform parameters using field measurements, 

airborne LiDAR acquired by the University of Witwatersrand (WITS), and from 

spaceborne Synthetic Aperture Radar ALOS PALSAR (SAR) provided by Japanese 

Aerospace Exploration Agency (JAXA) via the European Space Agency (ESA). 
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This research seeks to provide an important source of knowledge for the South Africa 

National Parks (SANParks) Authority, and also provides the researchers, decision 

makers, stakeholders and land managers with a powerful tool for an adequate spatially-

consistent monitoring and assessment of mapping and monitoring the woody vegetation 

structure of savannah landscapes, which can contribute towards the biodiversity 

management goals of SANParks.  

 

1.6 Summary 

This thesis is divided into several self-contained chapters, each of which describes a 

particular aspect of the research study. Taking in account the importance of vegetation 

height as a significant forest variable that can provide information relating to the 

vegetation structure, and also the demands to knowing its accurate quantification and 

understanding, the spaceborne GLAS satellite with its accuracy and global coverage 

could help in providing an appropriate benchmark for estimating vegetation height and 

its related vegetated structure. The overall research aim is to evaluate the potential of 

ICESat-GLAS to estimate vertical canopy structure over a savannah landscape. This can 

be broken down into more specific research objectives and associated research 

questions of this research project applicable to each chapter. 

 

Chapter 2 provides a review of relevant literature, including an overview of the state of 

the art regarding LiDAR remote sensing of vegetation. Chapter 3 gives a description of 

the study area, datasets and the broad methodology, including the methodology that 

developed to address specific research questions described within the associated 

sections, Chapters 4-5. In order to evaluate the accuracy and the precision of height 

estimates and woody cover estimates that can be obtained using the ICESat full 

waveform system, the topic of validation and comparison is studied in Chapters 4 and 5. 
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In Chapter 4 two methods to extract canopy height from GLAS data have been applied 

over terrain with different ruggedness and hence developed further; and tests methods 

of estimating canopy height from within large GLAS footprint LiDAR waveforms with 

airborne LiDAR data have been applied. Chapter 5 compares the performance of 

spaceborne LiDAR in extracting the woody vegetation and comparing the results with 

ALOS PALSAR.  Chapter 6 summarises and discusses the results of using GLAS data 

with the comparison with airborne LiDAR and RADAR data to retrieve savannah 

vegetation structure. Chapter 7 presents the thesis conclusions with the key findings of 

the research study. It will also discuss whether these successfully achieve the research 

objectives; and any limitations of this undertaking will be addressed, and the 

possibilities of further research will be highlighted. 
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CHAPTER TWO 

 
LITERATURE REVIEW 

 

2.1 Introduction 

Light Amplification by Stimulated Emission of Radiation (LASER) is a device that 

transmits a pulse of light towards a target and records the elapsed time between the 

transmitted laser pulse to the target and its return. This provides the range between 

sensor and target through a technology known as Light Detection and Ranging (LiDAR) 

(Wehr and Lohr, 1999). LiDAR systems are active laser remote sensors as they emit 

their own radiation (Wehr and Lohr, 1999). Modern LiDAR systems provide the ability 

to acquire very accurate third-dimensional surface images of the world, and have a 

variety of applications such as locating and mapping buildings in urban environments 

(Lichti et al., 2002), creating highly accurate hydrological maps (Colson, 2006), and 

characterization of vegetation structure in forestry and ecology (Edwards et al., 2002; 

Song and Woodcock, 2003; Wang et al., 2004).  Moreover, several studies have shown 

the potential use of airborne and spaceborne data to map vegetation height, estimating 

above ground biomass and extracting other vegetation structure parameters (Lefsky et 

al., 1999a;1999b; 2002a; 2002b; 2005a; Harding et al., 2001; 2005; Drake et al., 2002; 

2003a; 2003b; Patenaude et al., 2004; Anderson et al., 2006; 2008; Popescu, 2007; 

Chen et al., 2007; Rosette et al., 2008a; 2008b; Pang  et al., 2008; Popescu and Zhao, 

2008; and Chen, 2010b).  

 

This chapter presents an overview of the hypotheses of tree-grass coexistence in 

savannah ecosystems and their remote sensing studies. The next section involves the 

historical context of LiDAR remote sensing. A full description of the principles 

common to LASER airborne and spaceborne sensors used within this research is 
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introduced. An overview of LiDAR sensors and their types is given. Moreover, types of 

LiDAR observation systems related to vegetation applications are described. Then, the 

spaceborne ICESat mission is described in more detail. Last but not least, an overview 

of LiDAR applications for vegetation applications is presented; and finally, conclusions 

are stated at the end of this chapter.    

 

2.2 Savannah ecosystems and remote sensing 

Savannah ecosystems are heterogeneous systems consisting of the coexistence of 

woody and herbaceous plant functional types (Scholes and Archer 1997). Their relative 

proportion defines different savannah types including shrublands; open canopy 

savannah with a dominating grass layer and few scattered trees; mosaic savannah with 

tree clumps; savannah with a mixture of grass, shrubs and trees; closed canopy 

savannah; and woodlands (Scholes and Walker 1993; Solbrig et al., 1996). It presents 

high variability in terms of biodiversity, climate as well as the degree of tree cover; and 

depends strongly on the features that are taken into account (Schultz, 2000). Savannah 

ecosystems occupy about 1/6 of the earth land surfaces (see Figure 2.1) and account for 

about 30% of the global terrestrial vegetation productivity (Grace et al., 2006). In the 

African savannah, savannah biome is estimated to occupy 46% of southern Africa and 

over one third of South Africa, making it the largest biome in southern Africa (Low and 

Rebelo, 1996; House et al., 2003).  

 

For many years, the coexistence of two very different vegetation types (tree and grass), 

and what mechanisms determine the proportions of each, has been a central question in 

savannah ecology (Scholes and Archer, 1997). Walter (1971) suggested the idea that 

trees and grasses exploit different rooting niches, so the grasses use superficial soil 

layers and trees use deeper layers. 
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Figure 2.1: Global distribution of savannah ecosystems (tree-grass) derived from the Olson Ecoregions of 

the world (Olson et al., 2001). 

 

Walter‟s theory was developed as an analytical model as the root-niche separation 

hypothesis (NSH) by Walker and Noy-Meir (1982) and has since become widely 

accepted as the central paradigm for tree-grass interactions in savannah (Polley, 1997). 

However, Higgins et al. (2000) proposed a different hypothesis of the mechanism of the 

coexistence of trees and grasses. They argued that the critical problem for savannah 

trees is demographic in nature. Seedlings seldom grow because of frequent droughts and 

competition with grasses. If they do establish successfully, juvenile plants are burnt by 

frequent grass fires. Fires kill stems, preventing juvenile plants from escaping to mature 

size classes. Trees can persist if, firstly, both rainfall and the severity of fires are 

sufficiently variable to allow occasional opportunity for successful growth to maturity; 

and secondly, mature trees live long enough to straddle these rare recruitment events. 

This hypothesis is referred as the demographic bottleneck hypothesis (DBH) of tree-

grass coexistence.  However, ecologists still seek additional explanations of savannah 

mechanisms (Jeltsch et al., 2000). Therefore, understanding the drivers that have the 

potential to severely alter the vegetation structure in savannah ecosystems is essential to 
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successful management and conservation of those ecosystems (Levick and Rogers, 

2008). 

 

The structure of savannah and its dynamics are influenced by many drivers that shaped 

the vegetation structure and composition. These drivers are divided into primary and 

secondary determinations. The first one could be available nutrients, available plant 

moisture, soil types and geographical gradients. These factors influence the vegetation 

structural composition and vary spatially at both regional and local scales (Tews et al., 

2004). A study by Sankaran et al. (2005) revealed that water is the primary driver of the 

vegetation structure and ecological stability in Southern African savannahs. Rainfall 

amount determines grass biomass productivity, fuel load and hence fire frequency, 

which affects mortality and establishment of trees and grasses. These findings provide 

insights into the nature of savannah in Africa and suggest that changes in precipitation 

in the future may significantly affect savannah dynamics and distribution (Sankaran et 

al., 2005). The second drivers, secondary determinants, can be fire or herbivores. These 

drivers have played important historical and evolutionary roles in shaping African 

savannah by influencing the morphological and physiological traits of savannah 

vegetation (Stebbins, 1981; Coughenour, 1985).  

 

As can be seen, the structure and dynamics of savannahs are therefore a consequence of 

various disturbances acting within the constraints of the primary determinants (Mentis 

and Bailey, 1990). Moreover, anthropogenic process such as global climate change, 

population growth and its related issues of fuel wood consumption, livestock density, 

and agricultural over-exploitation could alter the environmental conditions and hence 
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affect the savannah vegetation structure and dynamic (Biggs et al., 2003; Snyman and 

Preez, 2005)  

 

As seen from an ecological perspective, the interaction of the abiotic factors as well as 

the anthropogenic processes influences the structure and dynamic of savannah 

ecosystems. Furthermore, knowledge about savannah environmental structure and 

dynamics is still insufficient (Beerling and Osbourne, 2006), particularly knowledge 

about the spatial distribution of savannah systems (Levick and Rogers, 2008). 

Therefore, an adequate spatially-consistent monitoring of this key parameter is of 

particular importance for biodiversity planning and conservation, and decision makers 

and stakeholders.  

 

Remote sensing technologies have proved to be a key source of data for studying 

vegetation in savannah. Several studies have utilized passive remote sensing data to 

quantify woody vegetation structural parameters based on spectral evaluation of 

remotely sensed vegetation parameters (Baret and Guyot, 1991; Hudak and Wessman, 

1998; Gong et al., 2003; Yang and Prince, 2000; Mutanga and Rugege, 2006; Wessels 

et al., 2006).  

 

Generally, measurements of vegetation canopy structure are made by developing 

empirical relationships between field-derived measurements of the biophysical variables 

and the intensity of the return signal from remote sensing sensors. However, many 

remote sensing techniques are not ideally suited for measuring forest canopy structure 

in the vertical dimension (Harding et al., 2001). This is particularly true when using 

passive remote sensing techniques in forests that are older or structurally complex or 
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have closed canopies (Steininger, 1996; Treuhaft and Siqueira, 2000; Bebi et al., 2001). 

The signal from passive sensors is dominated by the upper layers of vegetation canopies 

and very little solar radiation reaches the surface under the canopies to be returned to 

the sensor. This makes it difficult for these techniques to provide a vertical dimension 

for the vegetation canopy structure. Unlike passive sensors, active sensors offer a 

promise of measuring vegetation canopy structure in all vegetation types and uniquely 

have the ability to provide measurements of vertical structure (Lefsky et al., 1999a; 

Lefsky et al., 2002; Drake et al., 2003).  

 

Light detection and ranging (LiDAR) technology is an active remote sensing technique 

that uses precise spatial location and the two way travel time of laser light pulses to 

produce a highly accurate representation of the targeted ground area with a capability of 

simultaneously mapping the Earth`s surface and overlying features (Means et al.,2000).  

 

Since savannah ecosystems are known to have a wide range of highly specialized 

woody cover structure (Solbrig et al., 1996) and this has been noted during the field 

data collection, they offer a challenge of an altogether different magnitude for new 

remote sensing techniques (Nagendra, 2001). Due in part of this challenging 

complexity, the use of passive and active remote sensing in tropical grasslands has 

largely been limited to studies of fire in savannah systems (i.e., Alleaume, 2005 and 

Roy et al., 2005), additionally, most conducted studies of temporal change in savannahs 

have employed the use of satellite images or black and white aerial photography, while 

these methods are useful for investigating changes in woody cover over time, they are 

not able to portray the three-dimensional structure of vegetation cover.  
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Today, LiDAR technology, which until recently has been limited to airborne systems, is 

the most promising sensor for remote sensing estimation of forest attributes (Lefsky et 

al., 1999a, b; Lefsky et al., 2002b; Drake et al., 2003a; Patenaude et al., 2004). Studies 

have proved that aircraft LiDAR has the capability to measure forest height with high 

accuracy and that vegetation structure, biomass and other vegetation canopy attributes 

can be estimated (Lefsky et al., 1999a, b; Nelson et al., 1997; Means et al., 2000). The 

success of airborne LiDAR in vegetation environments such as VCL and LVIS, has 

ultimately led to the implementation of a spaceborne LiDAR mission for vegetation 

studies (Blair et al., 1999; Hese et al., 2005).  

 

Besides the LiDAR technology, active systems such as RADAR (RAdio Detection And 

Ranging) systems have shown great potential for monitoring and mapping a wide range 

of surface and vegetation characteristics in a synoptic, continuous fashion (Kasischke, et 

al., 1997). The first attempt to address this was made by Harrel et al. (1997); this 

resulted in quantitative vegetation mapping, which referred to the relationship of the 

intensity channels of a polarimetric SAR to biophysical variables, particularly, the 

cross-polarized L-Band channel, which proved to be useful. Most of these studies that 

used advance polarimetric algorithms focused on different cover types of forests (i.e. 

Thiel et al., 2007) or land-cover classification (i.e. Lee et al., 1994), and few studies 

used the polarimetric parameters for quantitative assessments of vegetation structural 

attributes (i.e., Garestier et al., 2009). The study of Garestier et al. (2009) revealed a 

clear linear correlation between the anisotropy parameter in L- and P-bands and the 

mean tree height. Few studies have used SAR in the savannah environment, for 

example, the insensitive studies in the Australian savannah woodland and open forest 

environment of Queensland by Lucas et al. (2004, 2006a, 2006b, 2006c and 2009), 
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which related SAR polarimetric intensity channels to vegetation parameters. These 

investigations revealed that the C-HV channel was suitable for mapping leaf and small 

branch biomass, and the L-HV and L-HH channels were sensitive to the trunk and large 

branch biomass (Lucas et al., 2004).  

 

Moreover, Lucas et al. (2006c) showed that the L-HH channel interacted primarily with 

the trunks and secondarily with volume elements (mainly large branches). Significant 

contribution of the backscattering signal in the L-HV channel arose from all volume 

components of the model commensurately (branches, leaves, and understory 

vegetation). Ground-trunk and the direct ground scattering contributed less compared to 

L-HH but more than L-HV. A result from the previous studies shows that L-band 

(especially HH- and HV-polarisation) operates as a complementary component in 

mapping vegetation structure since it provides information at later growth stages, due to 

ground-trunk interactions (Lucas et al., 2006c). The above mentioned study dealt with 

RADAR airborne imagery. A more recent study by Lucas et al. (2009) used Advanced 

Land Observing Satellite (ALOS) Phased-Array L-band SAR (PALSAR) for biomass 

mapping in open forests. This study achieved R² of 0.48 compared to field data for a 

large scale biomass map of the whole Queensland area, which enabled important 

insights into the backscattering behaviour of open forests. Moreover, other recent 

studies by Collins et al. (2009) in the Northern Territory of Australia showed possible 

potential with regard to vegetation structure assessments in open forests. It mapped the 

Wildman River Reserve with R² of 0.92 using the SAR backscatter which was strongly 

related to the biomass of the vegetation. 
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The resultant data from both LiDAR and RADAR opened a new door in landscape 

ecology. The ICESat-GLAS footprints do not cover the whole park but allow an insight 

for different areas by several square kilometres. Furthermore, airborne LiDAR and 

ALOS PALSAR data could therefore be used to identify and resolve remaining ICESat 

processing issues for better estimating of vegetation structure parameters from LiDAR 

spaceborne. It is therefore very valuable to make comparison of these data to data from 

spaceborne techniques. 

 

2.3 LiDAR and LASER altimetry background  

LiDAR technology has been one of the greatest scientific developments of the twentieth 

century. It was developed over 40 years ago and still a symbol of high technology. In 

1917, Albert Einstein developed the foundation of stimulated emission of radiation 

which illustrated that atoms can absorb and emit radiation spontaneously and that atoms 

in certain excited states can be induced to emit radiation. Forty years after Einstein`s 

theory, the concept of his theoretical work on stimulated emission was used only in 

theoretical discussions and had little relevant empirical work. The American physicist 

Charles.H.Townes developed the first successful stimulated emission device, called 

“MASER” – Microwave amplification by the stimulated emission of radiation - which 

produced a coherent beam of microwaves. In 1960 and following the laser invention 

race at that time, Theodore. H. Maiman developed the first ruby laser, which is 

considered a good example of what a laser is expected to be. It emits coherent waves in 

short pulses in a concentrated beam of light. However, during the 1970s and 1980s, 

laser altimetry was developed and used in airborne instruments by NASA and the first 

commercial laser systems started to appear in the mid 1990s (Danson, 1995; Wehr  et 

al., 1999). The development of laser technology for the NASA airborne systems 
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enabled the use of LiDAR methods and techniques later used by spaceborne altimeter 

systems. The first global scale laser altimeter dataset was provided in 1996-1997 by the 

Shuttle Laser Altimeter (SLA; Garvin et al., 1998). In 1997, the Mars Orbiter Laser 

Altimeter (MOLA), part of the Mars Global Surveyor mission, made its first pass across 

the surface of Mars and generated measurements of topographic profiles, surface 

reflectively, roughness and change (Smith et al., 1998). The next space-based Laser 

system was the Geoscience Laser Altimeter System (GLAS), an instrument carried on 

the Ice, Cloud and Land elevation satellite (ICESat), which launched in January 2003. 

 

Even though LiDAR is a new technology, its application to vegetation mapping and 

topographic mapping issues is already well established. The use of spaceborne LiDAR 

data and technology has only began to be significantly utilized in the last seven years to 

improve our interpretation of the Earth and the global environmental changes that 

combine and contribute to shape it. Therefore, LiDAR systems and associated 

technologies will improve our understanding of the 3D distribution of Earth features 

and offer a great potential for further applications of LiDAR data. 

 

2.4 The principles of operation of a laser scanning system  

The fundamental concept of Light Detecting And Ranging (LiDAR) or Laser altimetry 

technology involves transmitting pulses of laser light towards the ground and measuring 

the time of pulse return; hence, distance can be calculated by taking the product of 

speed of light and the time required for an emitted laser to travel to a target object (see 

Figure 2.2) (Wehr et al., 1999). There are two techniques to measure the elapsed time 

from when a laser is emitted from a sensor and intercepts an object: pulsed ranging and 

continuous wave ranging. The technique of interest in this research utilizes pulsed 

ranging, which the majority of LiDAR systems used by recording the travel time of a 
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laser pulse from a sensor to a target object. The travelling time of a pulse of light, t, is 

(Boland et al., 2004): 

                                               𝑡 = 2
𝑧

𝐶
                                                                         (2.1)                 

Where: z is the distance between the instrument and the object and c the speed of light 

(3 x 10
8
 m s

-1
). 

 

Generally speaking, the LiDAR instrument consists of a system controller, a laser 

transmitter module, and a receiver telescope. The pulse transmitter generates a short 

laser pulse of 1064 nm wavelength. The backscattered return signal from the target 

surface is recorded by the receiver telescope and filtered by a band pass to improve the 

signal noise ratio, which is spread by the interaction with the intercepted object. The 

return signal is digitally sampled as a function of time at an interval of at least 1 

nanosecond and saved in the data storage module.  

 

This type of return signal is called the full waveform signal and is of interest for this 

research. Moreover, additional information of the system is obtained, such as platform 

altitude and position, scanning angle, and time stamps of transmitted laser pulse and 

returning full waveform signal. The full waveform is then processed and georeferenced 

to compute multiple elevations together with other parameters like amplitude and pulse 

width (Duong, 2010).    

 

A laser system acquires data by scanning either along or across the flight direction. In 

an aircraft system, the long track footprint spacing is determined by the laser pulse 

repetition rate, the aircraft ground speed, the number of cross track footprints and the 

pitch information (Duong, 2010). However, airborne and spaceborne systems have 
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significant differences such as footprint size, altitude operation, spatial coverage, 

scanning pattern, and scanning angle (Duong, 2010). This will be described in the next 

section.              

  

 
 

Figure 2.2: Schematic of laser pulse waveform for range measurement of a laser altimeter, copyright line 

© [Bufton, 1989] IEEE.  

 

2.5 LiDAR sensor systems and types 

 

The key differences among LiDAR sensors relate to the laser`s power, pulse duration, 

repetition rate, wavelength, beam size and divergence angle, the specific of the scanning 

mechanism, and the information recorded for each reflected pulse. Usually, the 

wavelength of Lasers for terrestrial applications operates in (900–1064) nanometres, 

which affects the working of these wavelengths during overcast conditions due to 

absorption by clouds. Bathymetric LiDAR systems, which are used to measure 

elevation under shallow water bodies, use the wavelengths near 532 nanometres for 

better penetration of water bodies. However, earlier LiDAR sensors were profiling 

systems which record observations along a single narrow transect, while most current 

LiDAR systems work in a scanning mode where the orientation of the laser illumination 

and receiver field of view is directed from side to side by a rotating mirror, which 

provides a cross track sampling for the generation of three-dimensional datasets (Wehr 

et al., 1999 ).       

http://warnercnr.colostate.edu/~lefsky/biosci/index.html#i0006-3568-052-01-0019-wehr1
http://warnercnr.colostate.edu/~lefsky/biosci/index.html#i0006-3568-052-01-0019-wehr1
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The intensity of the return signal depends on several factors: the fraction of the laser 

pulse that is intercepted by a surface; the fraction of reflected illumination that travels in 

the direction of the sensor; the total power of the transmitted pulse; and the reflectance 

of the intercepted surface at the laser's wavelength. Returned signal that intercepts a 

morphologically complex surface, such as a vegetation canopy, will be a complex 

combination of energy returned from surfaces at various distances which are 

represented later in the reflected signal. The type of information that is collected from 

the returned signal is divided into two categories of sensor systems: Discrete return 

LiDAR sensor systems and Waveform recording sensor systems (Wehr et al., 1999). 

 

2.6 Types of LiDAR observation systems 

This section focuses on large footprint; full waveform satellite LiDAR system of 

interest of this project though also incorporates a comparison with small footprint, 

discrete return airborne LiDAR system. The main characteristics of these different 

systems are outlined below. 

 

2.6.1 Discrete return LiDAR system 

Discrete return LiDAR data are one of the most intuitive forms of LiDAR data 

available, and have been used in many applications such as generating digital terrain 

models, forest mapping, archaeology and 3D city modelling (Duong, 2010). In this type 

of laser scanning system, the laser scanner devices are carried on board helicopter or 

airplane platforms which produce a dense coverage of small footprints that can be 

characterized as clouds of points, with each point having a three-dimensional coordinate 

describing its spatial relation with the sensor (Lewis, 2010).     

 

http://warnercnr.colostate.edu/~lefsky/biosci/index.html#i0006-3568-052-01-0019-wehr1
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Most modern LiDAR systems (Figure 2.3) consist of three basic components: the laser 

scanner, a Global Positioning System (GPS), and the Inertial Measurement Unit (IMU).  

 
 

Figure 2.3: The basics of airborne mapping LiDAR. Source: (Imaging Notes Magazine website, 2011). 

 

As already mentioned, discrete return LiDAR systems typically record one to several 

returns for each pulse in a vertically non-systematic method (Figure 2.4) (Lim et al., 

2003). The criterion for collecting multiple returns depends on the intensity of the laser 

energy returned to the sensor. The footprints of discrete return LiDAR are small and 

typically vary from 20–80 cm in diameter due to the function of beam divergence, 

instantaneous scan angle, and flight altitude (Baltavias, 1999); and, in most commercial 

discrete return LiDAR systems, the range measurements resolution is about 2–3.5m 

(Ussyshkin and Theriault, 2011).   
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Figure 2.4: Example of LiDAR sensor systems that records first, second and third returns obtained from 

within a pulse. Source: (University of Idaho website, 2006). 

 

The LiDAR data points that are recorded by discrete LiDAR systems are irregularly 

spaced with quite large pulse densities (0.3 to 12 pulses/m²). The sparse spacing allows 

for higher flying altitudes, which reduces the acquisition cost. However, the optimum 

range of pulse densities is pointed by application (i.e., for vegetation application 4 – 6 

pulses/m² is good for both the acquisition cost and support of application (Evans et al., 

2009).   

 

LiDAR point cloud datasets are filtered or classified through special commercial 

software used by LiDAR vendors to separate ground from non-ground returns in order 

to generate a ground surface model (Digital Elevation Model) (Baltavias, 1999, Evans 

et al., 2009). For vegetation application, LiDAR dataset can be classified into ground 

points and canopy returns above the ground points, and hence interpolate these points to 

a regular, re-sampled grid that indicates the percentage of LiDAR points in the 

vegetation in comparison to those that hit the ground (Zhang et al., 2004). However, 

interpolation can have some uncertainty due to the significant variation between the 

forms of Digital Terrain Model and Digital Surface Model which is created using 

different interpolation algorithms on laser scanning data (Smith et al., 2003b).  
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Most commercial discrete return systems feature high spatial resolution with small 

diameter of their footprints and high repetition pulse rates (as high as 33,000 points per 

second), which provides extremely high ground point density that enables detailed 

mapping of ground and canopy surface topography (Flood and Gutelis, 1997).  

Moreover, this form of high point density LiDAR has the great advantage of the ability 

to aggregate the data over areas and scales specified during data analysis; thus it can 

provide a particular forest inventory plot, or even a single tree crown can be recorded 

and characterised (Flood and Gutelis, 1997).  However, acquisition costs limit the wide 

use of this form of data (Chen et al., 2011). 

 

2.6.2 Full waveform systems  

Laser scanning systems are able to capture the time-varying intensity of the returned 

signal from each laser pulse, hence, it  provides  a record of the height distribution of 

the surfaces illuminated by the laser pulse (Harding et al., 1994 ; Dubayah and Drake et 

al., 2000 ).As a consequence, the waveform recording systems records the entire signal 

trace, giving the full shape of the return signal, and structural information on the vertical 

distribution of objects between the height levels corresponding to the first and last echo 

(Duong, 2010).  Figure 2.5 shows the conceptual differences between the discrete return 

LiDAR and waveform record devices. 

 

Laser scanning systems of this form of devices are mounted on helicopters, small or 

large airplanes, and satellites. The illuminated footprints vary in their size according to 

the difference in scanning height together with the difference in the laser systems itself 

(Figure 2.6). Therefore, if the footprint assumed to be circled the illuminated footprint 

diameter on the ground is obtained by multiplying the platform altitude to the beam 

divergence. 

http://warnercnr.colostate.edu/~lefsky/biosci/index.html#i0006-3568-052-01-0019-flood1
http://warnercnr.colostate.edu/~lefsky/biosci/index.html#i0006-3568-052-01-0019-flood1
http://warnercnr.colostate.edu/~lefsky/biosci/index.html#i0006-3568-052-01-0019-harding2
http://warnercnr.colostate.edu/~lefsky/biosci/index.html#i0006-3568-052-01-0019-harding2
http://warnercnr.colostate.edu/~lefsky/biosci/index.html#i0006-3568-052-01-0019-dubayah1
http://warnercnr.colostate.edu/~lefsky/biosci/index.html#i0006-3568-052-01-0019-dubayah1
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Figure 2.5: Conceptual differences between full waveform recording and discrete return LiDAR devices. 

On the left, Laser signal illuminates area or footprint at different height levels. The return signal as a 

function of time (LiDAR waveform) is collected by waveform recording device. To the right of the 

waveform, the first and the last return are recorded by discrete return sensor and next to this the multiple 

returns LiDAR records the height levels in the path of illumination (Lefsky et al., 2002b). 

 

 
 

Figure 2.6: Schematic overview of full waveform and discrete laser scanning system and the resultant 

illuminated footprints (Duong, 2010). 
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For example, as illustrated in Figure 2.5 above, the footprint diameter for the Riegl 

airborne LiDAR system operating at altitude of 1–2 km height is between 15–30 cm, 

while the illuminated footprint is 70 m for the GLAS spaceborne LiDAR system which 

is operating at an altitude of 600 km (Duong, 2010).   

 

Full waveform LiDAR systems follow the same principles as discrete return systems. 

The system samples and records the signal returned for equal time interval “bins” and, 

as stated above, full waveform LiDAR systems have larger footprints. This is due to 

signal to noise reasons. Fundamentally, the quantity of backscattered signal in a small 

field of view is low and the energy received per unit time bin is clearly smaller, hence, 

the sensor needs to be capable of recording very low signal levels faster (see Figure 2.7) 

(Hug et al., 2004).  

 

 
 

Figure 2.7: Illustration of the transmitted and received full waveform signal in a vegetated area: (a) A 

small footprint where all targets strongly contribute to the waveform shape LiDAR but the laser beam has 

a high probability of missing the ground, while in (b) A large footprint LiDAR, the last pulse is bound to 

be the ground but each echo is the integration of several targets at different locations and with different 

properties (Mallet and Bretar, 2009). 
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Most commercial full waveform systems have small footprints (0.2 – 3m) diameter, 

depending on beam divergence and flying height. They provide a high point density and 

an accurate altimetry description within the diffraction cone (Figure 2.7(a)). However, 

mapping large areas needs extensive surveys, and small footprint systems often miss 

recording tree tops. Therefore, it is difficult to define whether the ground has been hit 

under dense vegetation. Hence, ground and vegetation heights cannot be estimated 

properly (Dubayah and Drake, 2000).  

 

Large footprint systems (10 – 70m diameter) enable the measurement of both ground 

and canopy top. They avoid the biases of small footprint systems, hence the return 

signal gives a record of vertical distribution of intercepted surface within a larger area 

(Figure 2.7 (b)) (Mallet and Bretar, 2009). 

 

Despite the fact that the data retrieved from full waveform systems are a more useful 

tool in vegetation application than the data from discrete return systems, it has some 

drawbacks. Waveform data need greater data storage and processing capabilities than 

discrete return data. Moreover, full waveform data require special interpretation: 

basically, the data are four-dimensional (they have position and intensity), which 

therefore needs either (or both) imaginative methods of visualising the data or highly 

tuned computer-based algorithms which compress the data into forms that can be easily 

analysed, understood and explored operationally by the human mind (Lewis, 2010).    

 

Spaceborne full LiDAR waveform systems have been designed and developed by 

NASA over the last two decades to assess the characteristics of topography, land cover 

and woodlands. Fundamentally, they aim to map large areas to provide global data at 
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resolution of several metres and a swath width up to 1-2 km, producing broad LiDAR 

footprints such as GLAS, sequentially along the ground track (described in the next 

section). Table 2.1(a, b) shows the main technical specifications for the full waveform 

recording systems (Mallet and Bretar, 2009).   

 

Table 2.1(a): Main technical specifications for the full waveform recording systems, adopted from (Mallet 

and Bretar, 2009). 

 

 

System 

 

Company 

manu-

facturer 

 

Platform 

 

Beam 

deflection 

 

Beginning 

-final year 

 

Wavelength 

(nm) 

 

Flying 

height 

(km) 

 

 

Pulse 

rate 

(kHz) 

Bathymetric 

 

LARSE

N 500 

Terra 

Surveys 

Optech 

Airborne Rotating 

mirror 

1983- 1064/532 0.5 0.02 

MarkII LADS 

TopEye 

Airborne Fibers 1989- 1064/532 0.37-0.5 0.9 

Hawk 

Eye 

Saab 

Optech 

Airborne Oscillating 

mirror 

1990- 1064/532 0.05-0.8 0.2 

SHOAL

S 1000T 

US army 

Optech 

Airborne Oscillating 

mirror 

1994- 1064/532 0.2-0.4 0.4 

EAARL NASA Airborne Oscillating 

mirror 

2002- 1064/532 0.3 3 

Experimental 

SLICE

R 

NASA Airborne Oscillating 

mirror 

1994-1997 1064 <8 0.075 

SLA-02 NASA Satellite None 1996-1997 1064 285 0.01 

LVIS NASA Airborne Oscillating 

mirror 

1997- 1064 <10 0.1-0.5 

GLAS NASA Satellite None 2003-2009 1064/532 600 0.04 

MBLA NASA/Uni

versity of 

Maryland 

Satellite Oscillating 

mirror 

None 1064 400 0.01/0.

242 

Commercial 

LMS 

Q560 

Riegl Airborne Polygon 2004- 1550 <1:5 -100 

Falcon 

III 

TopoSys Airborne Fibers 2005 - 1560 <2:5 50-125 

MarkII TopEye Airborne Palmer 2004 1064 <1 -50 

ALTM 

3100 

Optech Airborne Oscillating 

mirror 

2004- 1064 -3:5 -70 

ALS60 Leica Airborne Oscillating 

mirror 

2005 - 1064 0.2-6 -50 
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Table 2.1(b): Illustration of the main technical specifications for the full waveform recording systems, 

adopted from (Mallet and Bretar, 2009). 

 

System Pulse 

energy 

(mJ) 

Pulse 

width 

(ns) 

Scan 

rate 

(Hz) 

Scan 

angle 

 (◦) 

Beam 

diverge

nce 

(mrad) 

Footprint size 

(m) 

Range 
accuracy 

(cm) 

Digit

-izer 

(ns) 

LARSEN 

500 

- 12 20 30 4 2@500 m 30 1 

LADS 

MarkII 

7 - 18 27 - - 15 2 

Hawk Eye 2/15 7 0.3_

7 

0/40 2-15 1_7.5@500 m 30 1 

SHOALS 

1000T 

2/15 6 0.3 

_7 

0/40 2-15 0.8_6@400 m 15 1 

EAARL 0.07 1.3 25 22 0.03 0.15@300 m 3 1 

SLICER - 4 80 - 2 10@5 km 11 1.35 

SLA-02 40 8 - - 0.3 85@285 km 150 4 

LVIS 5 10 500 14 8 40@5 km 30 2 

GLAS 75/35 6 - 0 0.11_0.1

7 

66@600 km 5_20 1 

MBLA 10 5 - - 0.06 24@400 km 100 4 

LMS Q560 0.008 4 5 

_16 

45 0.5 0.5@1 km 2 1 

Falcon III - 5 165_

415 

28 0.7 0.7@1 km - - 

MarkII - 4 <50 14/20 1 1@1 km 2_3 1 

ALTM 3100 <0:2 8 <70 50 0.3/0.8 0.3/0.8@1 km 1 1 

ALS60 <0:2 5 <90 75 
usually 

0.22 0.22@1 km 2 1 

 

 

This thesis will mainly focuses on the analysis of larger footprint full waveform signals 

using the Geoscience Laser Altimeter System (GLAS) mounted on the Ice, Cloud and 

Land Elevation Satellite system (ICESat) and the opportunities and limitation offered by 

this spaceborne LiDAR. The next section describes this in detail. 

 

2.7 ICESat-GLAS spaceborne LiDAR system 

Ice, Cloud and land Elevation Satellite (ICESat) spaceborne laser altimeter system is the 

first spaceborne that mapping the earth using lasers from a dedicated satellite platform. 

It is one of NASA series of earth observation spacecraft designed to study environment 

of our earth and how it may be changing. 
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2.7.1 Overview of instrument and mission  

The Ice, Cloud and land Elevation Satellite (ICESat) spaceborne laser altimeter system  

was launched in January 2003 with the primary objectives being to measure polar ice-

sheet elevation change, atmospheric and aerosol and cloud properties, land topography 

profiles, and height vegetation canopies (Zwally et al., 2002; NSIDC, 2009). These 

objectives are accomplished through the use of the Geosciences Laser Altimeter System 

(GLAS) in combination with an onboard GPS receiver and an inertial reference system, 

used to determine accurate orbit dimension. GLAS uses an Nd:YAG laser altimeter to 

define the range between the satellite and the surface of the Earth by measuring the 

round trip travel period of the infrared pulse. GLAS instrument is nadir viewing, at an 

altitude of 600 km. It acquires elevation profiles of the whole earth along tracks that are 

revisited in a 183 day repeat elliptically, and the laser footprint on the surface is 

equivalent to a circular area of 70 m diameter spaced every 175 m (Brenner et al., 2003, 

Abshire et al., 2005). Figure 2.8 shows how the GLAS instrument makes measurements 

from ICESat while orbiting the Earth. 

 

GLAS carries three lasers, named L1, L2, and L3, that sequentially send short pulses of 

visible green light 532 nm and infrared light 1064 nm forty times per second (Zwally et 

al., 2002). Laser 1 failed in March 2003, after 38 days of its operation; therefore, the 

two lasers lifetime was reduced. The laser system operated for three 33 day sub-cycles 

per year acquired in Feb-March, May-June and October-November each year. The sub-

cycles are named as a, b, c, and so on… for the 33 day campaign. Laser 2 operated for 

campaigns in Oct-Nov 2003 (L2a); and Feb-March (L2b) and May-June (L2c) in 2004. 

The use of Laser 3 started in October 2004 (L3a); and continued in Feb-March (L3b), 

May-June (L3c) and Oct-Nov (L3d) 2005; Feb-March (L3e), May-June (L3f) and Oct-
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Nov (L3g) in 2006; March-April (L3h) and Oct-Nov (L3i) in 2007; and Feb-March 

(L3j) in 2008. Laser 3 failed to operate during the campaign of (L3k) in October 2008. 

Laser 2 started again in Nov-Dec (L2d) 2008; and March-April (L2e) and Sep-Oct (L2f) 

2009 (NSIDC, 2009). 

 

 
 

Figure 2.8: Schematic illustrating how the GLAS instrument makes measurements from ICESat while 

orbiting the earth. Source: (NASA GLAS, 2009) 

 

GLAS records the 1064 nm wavelength energy for each laser echo pulse as a function 

of time, thus the instrument acquires a vertical profile of the illuminated surfaces within 

the laser footprint instead of a discrete measurement of elevation. The GLAS instrument 

digitizer records the whole laser pulse in 1ns over the entire land (Zwally et al., 2002). 
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Table 2.2: Acquisition dates and release numbers for the 13 91-Day ICESat campaigns during ICESat 

operation (Abdalati et al., 2010). 

 

Campaign Period Date Millions of 

Shots 

Laser 2a 10/04/03-11/19/03 159 

Laser 2b 02/17/04-03/21/04 114 

Laser 2c 05/18/04-06/21/04 118 

Laser 3a 10/03/04-11/08/04 124 

Laser 3b 02/17/05-03/24/05 121 

Laser 3c 05/20/05-06/23/05 118 

Laser 3d 10/21/05-11/24/05 118 

Laser 3e 02/22/06-03/28/06 118 

Laser 3f 05/24/06-06/26/06 114 

Laser 3g 10/25/06-11/27/06 114 

Laser 3h 03/12/07-04/14/07 114 

Laser 3i 10/02/07-11/05/07 118 

Laser3j 02/17/08-03/21/08 114 

Laser 3k* 10/04/08-10/19/08 38 

Laser 2d* 11/25/08-12/17/08 76 

Laser 2e 03/09/09-04/11/09 114 

Laser 2f 09/30/09-10/11/09 33 

 

*Laser 3 expired 10 days into the October/November 2008 campaign. 

The campaign was completed using the low-energy laser 2.Diagnosing 

the Laser 3 failure mode and implementing switch back to Laser 2 

took about 1 month. Laser 2 expired on October 11, 2009. 

 

Return waveforms are digitized in 544 bins for ice sheets and land, and 200 bins for 

oceans and sea ice. The 544 bins of 1 ns intervals equals a range distance of 81.5 m, 

where 1 ns is the two-way travel time of the pulse which corresponds to a range 

distance of 15 cm for laser L1 and 150 m for laser L3 (Harding and Carabajal, 2005). 

Laser 3 has succeeded to operate for a period of 5.5 years of 15 33-day measurement 

campaigns. However, ICESat mission is no longer operating, as the final GLAS laser 

ceased firing in October 2009 (Abdalati et al., 2010).  Table 2.3 shows the specifications 

of ICESat-GLAS mission. 

 



 

38 
 

Table 2.3: Specifications of ICESat-GLAS (Abdalati et al., 2010). 

Description Surface Atmosphere 

Mass 300 kg 

Altitude ~ 600 km 

Altimeter Nd:YAG Laser 

Wavelengths                  1064 nm                               532 nm 

 

Laser Pulse Energy                   74 mJ                                   30 mJ 

 

Shot Frequency 40 Hz 

Laser Beam Diverge                 110 μrad 

Average Footprint Diameter                   70 m 

Laser Pulse Width 5 nsec 

Telescope Diameter 1.0 m 

Receiver FOV                   0.5 mrad                              0.16 mrad 

Receiver Optical Bandwidth                   0.8 nm                                 0.03 nm 

Detection Scheme               Analog Photon                        Counting 

Vertical Sampling Resolution                   0.15 m                                 75 m 

Surface Ranging Accuracy 

(single pulse) 

                  5 cm 

Footprint Location Accuracy                   6 m 

Laser Pulse Pointing 

Knowledge 

< 2 arcsec 

Laser Pulse Pointing Control 30 arcsec roll, 30 arcsec pitch, and 1° _yaw, up to 

5° off-nadir 

Footprint spacing along-track ~ 170 m 

 

2.7.2 ICESat track coverage 

NASA ICESat-GLAS captures important scientific data and spectacular three-

dimensional views of earth`s polar ice sheets, clouds, mountains, and forestlands. 

ICESat crosses the world below at nearly 17,000 miles per hour and it is covering the 

earth from space with unprecedented accuracy and detail (see Figure 2.9). ICESat orbit 

was designed to maximize coverage over the great polar ice sheets, where ground tracks 

overlap, to produce an intricate grid of data points resulting in three-dimensional high 

resolution images of ice sheets in Greenland and Antarctica. Therefore, these details of 

ice and land features enable scientists to view the global earth from space to obtain an 

unprecedented image of how and where ice sheets are growing and shrinking. 

Moreover, ICESat data is used to develop digital elevation models which help 

understanding of how life on earth is affected by climate change (NASA website, 2003). 
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In addition to acquiring elevation data (see Figure 2.10), ICESat full return waveform 

shape provides unique information about the highest distribution of the surface features 

within each laser footprint (NASA website, 2003). 

 
 

Figure 2.9: GLAS transects on the earth below, adopted from (ICESat-GLAS, 2003) 

 

 

 
 

Figure 2.10: GLAS laser world elevations map (NSDIC, 2007)  

 

 

2.7.3 ICESat-GLAS data products  

ICESat has acquired a magnitude database of raw and processed data that organises the 

15 data products from GLA01 to GLAS15 (Brenner et al., 2003). Each product is 

developed and processed for particular uses. GLAS data is processed into three different 

levels from level 0 to level 3. Level 0 contains raw telemetry data; level 1 data includes 

instrument parameters; level 2 data has geophysical, ice, ocean, atmosphere and land 
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parameters; and level 3 contains gridded digital elevation model and atmospheric 

backscattered images. 

 

These data are distributed in granules by the National Snow and Ice Data Centre 

(NSIDC), which contain different amount of data with different structures, variables and 

size of data. The data are stored in a binary format in big-endian byte order and are 

organised in records of 40 footprints. All the data products are time stamped with 

transmit time of pulse in Coordinated Universal Time (UTC) as collected along track. 

To relate information from different datasets, a unique record index is assigned to every 

one second of data. The unique record index is consistent across all products of the 

same release (NSIDC 2003a; NSIDC 2003b). Table 2.4 show the ICESat-GLAS 

standards data products. 

Two data products of release 29 GLAS were used in this study: 

 Level 1A Global Altimetry data (GLA01), 

 Level 2 Global Land Surface Altimetry data (GLA14) 

GLA01 is level 1A data product which contains granules that have raw LiDAR 

waveform in digitizer counts, which are afterwards converted to volts (by users). One 

granule covers ¼ orbit or ~23 minutes of data. This data can be obtained by searching 

the granule ID or time. GLA01 contains the transmitted and received echo waveforms. 

This product has variables such as the filter threshold value for signal detection in 

digitizer counts, laser transmit energy, received energy from all signal above threshold, 

sampled transmit pulse waveform, 4ns background mean value, and standard deviation 

(Brenner et al., 2003).  

 

 



 

41 
 

Table 2.4: ICESat-GLAS standard data products. (NSIDC, 2011). 

 

  

Short 

Name 

Long Name File Size Orbits per 

File 

GLA01 L1A Global Altimetry Data 9 MB 1/4 

GLA02 L1A Global Atmosphere Data 671MB 2 

GLA03 L1A Global Engineering Data 19 MB 2 

GLA04 L1A Global Laser Pointing Data 2MB-386MB 2 

GLA05 L1B Global Waveform-based 

Range Corrections Data 

25MB 1/4 

GLA06 L1B Global Elevation Data 7MB 1/4 

GLA07 L1B Global Backscatter Data 827MB 2 

GLA08 L2 Global Planetary Boundary 

Layer and Elevated Aerosol Layer 

Heights 

7MB 14 

GLA09 L2 Global Cloud Heights for Multi-

Layer Clouds 

82MB 14 

GLA10 L2 Global Aerosol Vertical 

Structure Data 

289MB 14 

GLA11 L2 Global Thin Cloud/Aerosol 

Optical Depth Data 

13MB 14 

GLA12 L2 Antarctic and Greenland Ice 

Sheet Altimetry Data 

104MB 14 

GLA13 L2 Sea Ice Altimetry Data 107MB 14 

GLA14 L2 Global Land Surface Altimetry 

Data 

209MB 14 

GLA15 L2 Ocean Altimetry Data 279MB 14 

 

GLA14 is a level 2 data which contains sensor position and pointing information as well 

as calculated footprint position, size and shape, and land surface elevation. GLA14 

granules cover 14 consecutive orbits. Transmitted pulse and recorded waveforms are 

represented with characteristic shape parameters only. The recorded waveform is 

decomposed into a series of Gaussian peaks, as described in Hofton et al. (2002), 

Zwally et al. (2002) and Brenner et al. (2003) (assuming a Gaussian transmit pulse and 

Gaussian distribution of height surfaces within the footprint): 

          𝑤 𝑡 = ε +  Am × e
− t−tm  2

2σ2m

𝑁𝜌

𝑚=1

                                                                             2.2  

Where: 
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w(t)  = the amplitude of the waveform at time t, Np  = number of peaks in the waveform 

Am = amplitude of the m the peak, ε = bias (noise level) of the waveform, tm = position 

of m the peak at time t, σm = standard deviation of the m the peak (Brenner et al., 

2003). This equation is solved with non-linear least squares fitting to a maximum 

number of six peaks. The parameters of each fitted peak are given in the datasets 

(Brenner et al., 2003). More details about full waveform processing will be described in 

detail in chapter 3. 

 

2.8 LiDAR applications for vegetation measurements                          

LiDAR remote sensing is a breakthrough technology for forest applications. It provides 

horizontal and vertical information at height spatial resolutions and vertical accuracies 

(Dubayah and Drake, 2000; Lim et al., 2003a). LiDAR instrument systems have proved 

the capability to accurately estimate important forest structure characteristics such as 

stand volume, basal area, canopy height and aboveground biomass (Magnussen and 

Boudewn, 1998; Lefsky et al., 1999b; Anderson et al., 2006; Lefsky et al., 2005a; 

Coops et al., 2007; Rossette et al., 2008a; Duncanson et al., 2010b).  This section 

provides an overview of current and projected uses of both discrete return and full 

waveform recording LiDAR systems in forest application. 

 

2.8.1 Discrete return systems of vegetation applications 

Fundamentally, discrete returns LiDAR are small footprint (approximately 20-80 cm 

diameter) devices that allow for one to several returns to be recorded for each pulse 

during flight. For vegetation applications, it is considered that the ability of small 

footprint discrete return systems to capture multiple returns to penetrate beyond the first 

reflective surface of the canopy is a critical characteristic (Lim et al., 2003b). However, 

the discrete return system is rapidly gaining prominence in natural resource research 
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applications and management due to its great capability to represent complex vertical 

structures and ground surfaces elevations with very high precision (Lefsky et al., 2002b; 

Evans et al., 2009).  

 

Despite the fact that discrete LiDAR sensors are designed to measure the three-

dimensional coordinates of a passive target, there is still significant variation in design 

from one instrument to another; hence, data-processing algorithms and established 

sensor configurations designed for commercial use may not coincide with scientific 

objectives because none of these sensors have been specifically designed for vegetation 

application. Therefore, their data can be processed in a number of ways to create 

meaningful forest maps information (Lefsky et al, 2002b; Lim et al., 2003b). Table 2.5 

describes the general characteristics and specification of common LiDAR sensor 

parameters used for natural resource application. 

 

Table 2.5: Characteristics of common commercial discrete LiDAR sensors parameters for natural 

resource applications (Evans et al., 2009). 

 

Parameter Value 

Wavelength 1.064 μm 

Pulse Repetition Rate (PRF) ~50–150 kHz 

Returns per pulse 3 – 4 

Pulse width 10 nano-seconds 

Beam divergence 10–80 m rad 

Scan angle <15° off-nadir, 30° total look 

Scan pattern(s) Ziz-zag, parallel, elliptical, sinusoidal 

GPS frequency 1–2 Hz 

INS frequency 50 Hz (200 Hz max) 

Operating altitude 100–3,000 m (6,000 m max), average ~2,000 m 

Footprint size 0.10–0.30 cm 

Pulse Density > 4 pulse/m
2
 

Accuracy (Vertical/Elevation) < 0.15 m 

Delivery format Binary LiDAR exchange format (LAS) 

 



 

44 
 

2.8.2 Full waveform systems of vegetation applications 

Unlike discrete return LiDAR systems, full waveform LiDAR samples and records the 

entire back returned signal intensity at regular time intervals (1ns). The footprint size 

may vary from (10 - 70 m); hence, the large footprint of full waveform LiDAR will 

contain information on forest canopy and its structure (Lim et al., 2003b; Mallet and 

Bretar, 2009; Wulder et al., 2012).  

 

NASA has developed a number of full waveform sensors which have been used for 

forestry applications: 

 

Scanning LiDAR Imager of Canopies by Echo Recovery (SLICER) 

The SLICER was developed to characterise the vertical structure of the canopy. The 

medium size footprint (10 to 25 m) airborne system showed that the full waveform 

systems could be used to assess the characteristics of woodlands; distinguish tree ages, 

classes and species; and, in addition, characterize the structure of extensive areas 

(Lefsky et al., 1999a; Mallet and Bretar, 2009). Several studies have tested the use of 

SLICER data for canopy height profiling (i.e. Lefsky et al., 1999b; Means et al., 1999; 

Harding et al., 2001; Parker et al., 2001; Lefsky et al., 2002a, 2005a). However, 

SLICER no longer exists because parts of it were used to build the Laser Vegetation 

Imaging Sensor (LVIS) (Harding et al., 2000). 

  

Shuttle Laser Altimeter (SLA) 

NASA Shuttle Laser Altimeter (SLA) is an improved version of SLICER and was used 

to develop algorithms, calibrate instruments and evaluate the performance of 

measurements to assess the future mission of Vegetation Canopy LiDAR (VCL). It was 

primary utilized to develop a real-time algorithm for classifying ground points by 
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analysing the return signal. Moreover, it illustrated the potential of full waveform data 

to derive canopy structure and measure the surface topography (Blair et al., 1999).   

 

Vegetation Canopy LiDAR (VCL) 

The VCL is an active space-based LiDAR remote sensing system; it was specifically 

designed to measure global characteristics of forests and other vegetation canopies 

Dubayah et al., 1997; Hofton et al., 2002). However, this sensor has never made it into 

space (Mallet and Bretar, 2009).   

 

Laser Vegetation Imaging Sensor (LVIS) 

LVIS is an airborne simulator that was developed by NASA (Blair et al., 1999). This 

sensor produces 25 m footprints with 25 m contiguous along-track resolution (Mallet 

and Bretar, 2009). Several studies tested metrics derived from LVIS data obtained over 

forested area (i.e. Blair et al., 1999; Drake et al., 2002; Anderson et al., 2008). Results 

showed that LVIS has demonstrated its ability to provide earth scientists with unique 

dataset allowing studies of surface topography, hydrology, and vegetation height and 

structure with unmatched accuracy and coverage (Blair et al., 1999).  

 

Geoscience Laser Altimeter System (GLAS) 

The successful five-year ICESat satellite mission carrying the GLAS sensor was 

launched in January 2003 mainly to study and measure the roughness and thickness of 

sea ice, the topography (using a 1064 nm laser), and the vertical structure of clouds and 

aerosols (532 nm laser) (NSIDC, 2009). Moreover, ICESat classifies the return full 

waveform in real-time into land/ice and ice sheet/sea by analyzing the return 

backscattered waveform and recognizing Gaussian distributions, from which the main 

characteristics are extracted (Brenner et al., 2003). The ICESat mission is no longer 
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collecting data as the final GLAS laser stopped working in October 2009 (Abdalati et 

al., 2010). Beside, its potential capability to assess changes in ice sheet elevations 

(Howat et al., 2008; Slobbe et al., 2008; Pritchard et al., 2009) and measure the ice sea 

level (Farrell et al; 2009; Kwok et al; 2009), ICESat has also demonstrated its capability 

to determine vegetation height regionally and globally; and estimate aboveground 

biomass (Harding and Carabajal, 2005; Lefsky et al., Nelson et al., 2009; 2005a; 

Lefsky, 2010; Saatchi et al., 2011; Simard et al., 2011). 

 

The success of the ICESat program and its accomplished objectives, coupled with 

recent observations of dramatic changes in polar ice, has motivated the National 

Research Council Earth Science Decadal Survey to call for an ICESat-2 follow-on 

mission (Abdalati et al., 2010). ICESat-2 is intended to follow the original 

specifications of the first ICESat mission. It is expected to support multidisciplinary 

applications, mainly targeted at measuring: 1) Ice sheet changes, 2) Sea ice thickness, 

and 3) Vegetation biomass (Abdalati et al., 2010). ICESat-2 is currently planned for 

launch in 2015. 

 

2.8.3 LiDAR studies of vegetation structure 

Several studies have successfully used discrete small footprint systems in estimating 

canopy height, percent cover canopy and aboveground biomass (i.e. Nelson et al., 1988; 

Nilsson, 1996; Naesset, 1997a; Magnussen and Boudewyn, 1998; Means et al., 2000; 

Reitberger et al., 2008). However, these fine resolution systems typically produced 

consistent ground returns only in relatively open forest canopies; hence, making 

vegetation measurements structure estimation difficult in dense forests (Weishampel et 

al., 2000). Unlike discrete returns systems, large footprint LiDAR systems work 

effectively in a variety of canopy closure conditions (i.e.  Lefsky et al., 1999a; Means et 
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al., 1999b; Drake et al., 2002; Parrish, 2007; Rosette et al., 2008c). This is because 

these large footprints systems consistently measure sub-canopy topography even under 

conditions of high canopy closure (Drake et al., 2002). 

 

The LiDAR sensors described above use LiDAR data to make measurements of 

vegetation structure. The majority of these have been from airborne platforms. Recent 

years have shown a remarkable advance in using terrestrial and spaceborne LiDAR, due 

to its ability to rapidly record and measure the three-dimensional structure of canopies 

(Rosette et al., 2008b).  However, up to now, few satellite LiDAR system missions of 

the earth surface have been realised (Winker et al., 1996; Zwally et al., 2002). Most of 

their studies have been involved with glaciology (i.e. Smith and Sandwell, 2003; 

Herzfeld et al., 2008; Zwally et al., 2008; Gudmundsson et al., 2011; Nuth and Kääb, 

2011); atmospheric sciences (e.g Spinhirne et al., 2005; Dessler et al., 2006; Yang et 

al., 2008); and topography (i.e. Garvin et al., 1998; Carabajal and Harding, 2005; 

Atwood et al., 2007; Yamanokuchi et al.,  2007; Alberti and  Biscaro, 2010; Chen, 

2010a).  

 

ICESat-GLAS has been an active area of research during the last recent years (Yong et 

al., 2004; Harding and Carabajal, 2005; Lefsky et al., 2006;  Sun  et al., 2008; Duong  

et al, 2008; Rosette et al.,  2008a; 2008b; 2008c; Chen, 2010a; 2010b). Although it was 

designed primary to measure ice sheet changes, it has demonstrated its ability to retrieve 

vegetation biophysical parameters at unprecedented scales (Rosette et al., 2008a; Chen, 

2010b); and this field of study is currently without a dedicated GLAS LiDAR campaign 

for this purpose.  
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2.8.3.1 Vegetation height estimation 

Vegetation height is one of the leading dimensions of ecological variation among tree 

species (Westoby et al., 2002), and a major factor of ecosystem functioning such as 

species‟ composition, climate and site quality, and land cover classification (Dubayah 

and Drake, 2000; Moles et al., 2009). In other words, canopy height is an important 

attribute as a predictor variable for other forest attributes, such as volume and biomass 

(Arp et al., 1982; Aldred and Bonner, 1985; Schreier et al., 1985).  

 

LiDAR data recorded from discrete small footprint sensors have been successfully 

proven efficient in measuring canopy height and vertical distribution of stand (i.e. 

Nelson et al., 1984; Nelson et al., 1988; Nilsson, 1996; Naesset, 1997; Nelson, 1997; 

Magnussen and Boudewyn, 1998; Lefsky et al., 1999a; Means et al., 2000; Peterson, 

2000; Drake et al., 2003a, Drake et al., 2003b, Hyde et al., 2005). The other 

experimental full waveform LiDAR systems have been successfully used also to derive 

forest canopy height and crown canopy cover in a variety of forest types (Lefsky et al., 

1999a; Means et al., 1999; Dubayah and Drake, 2000; Peterson, 2000; Drake et al., 

2002; Hofton et al., 2002; Hyde et al., 2005; Chen, 2010b). Canopy or vegetation height 

is calculated by subtracting the elevations of the first and last returns from LiDAR 

signal (Figure 2.11). However, LiDAR data gathered by either the discrete return or full 

waveform recording system methods have two main problems in estimating vegetation 

height. The first one is determining the exact elevation of the ground surface, 

particularly in complex canopies where the elevations returned from what appears to be 

the ground level could, in fact, be from the understory which is dense enough to occlude 

the ground surface (Lefsky et al., 2002b).  
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Figure 2.11: Large-footprint LiDAR waveform recording reflections from the nadir-projected vertical 

distribution of the surface area of canopy components, and the estimated canopy height (Dubayah and 

Drake, 2000) 

 

The other problem is that each type of LiDAR system has difficulties in detecting the 

uppermost portion of the tree canopy. In discrete systems, very high footprint densities 

are required to sample the highest portion of individual tree canopies; while with full 

waveform sampling sensors, the large footprint is illuminated, which increases the 

probability that tall tree tops will be illuminated by the laser sensor (Lefsky et al., 

2002b). Nevertheless, the top portion of the canopy may not be of sufficient area to be 

recorded as a significant return signal and therefore may not be detected; or, in both 

cases, the highest portion of the canopy may be underestimated (Lefsky et al., 2002b). 

However, only a paucity of studies have explored the use of GLAS for vegetation height 

retrieval (Lefsky et al., 2005a; Lefsky et al., 2007; Duong et al., 2008; Neuenschwander 

et al., 2008; Rosette et al., 2008c; Sun et al., 2008; Pang et al., 2008; Duncanson et al., 

2010a; Chen, 2010b) using the direct or statistical methods, both of which will be 

described in Chapter 3.  
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The previous studies have been conducted specifically in temperate and boreal forests 

(i.e., Ranson et al., 2004a; Rosette et al., 2008a) and mangrove forests (i.e., Simard et 

al., 2008); but there has been insufficient exploration for ecological research in 

savannah ecosystems (Levick and Rogers, 2008). Therefore, the main objective of this 

study is to assess the ability of ICESat-GLAS LiDAR full waveforms to retrieve canopy 

height over savannah vegetation landscapes. 

 

2.8.3.2 Vegetation vertical structure, canopy cover, volume and biomass 

predictions  

 

Various attempts have been made to derive estimates of canopy vertical structure, 

particularly in forests (Dubayah and Drake 2000; García et al., 2010). It started using 

discrete return LiDAR data in the work of Maclean and Krabill (1986), who used a 

photogrammetric technique (the canopy profile cross-sectional area is the total area 

between the ground and the upper canopy surface along transect) to interpret the LiDAR 

data. This work was able to explain 92% of the variation in gross merchantable timber 

volume (Lefsky et al., 2002a).      

 

Moreover, Nelson et al. (1988) predicted the volume and biomass of southern pine 

forests using several estimates of crown canopy cover and height from discrete-return 

LiDAR data, explaining between 53% and 65% of variance in field measurements of 

these variables. Later work by Nelson et al. (1997) in tropical wet forests produced 

similar results for prediction of basal area, volume, and biomass, using also the discrete 

return LiDAR data.  

 

Full waveform recording LiDAR systems have successfully shown the capability of this 

type of data in predicting forest vertical structure. Nilsson (1996) adapted a bathymetric 
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LiDAR system for use in forest inventory, and successfully predicted timber volume for 

stands of even-aged Scots pine. He used the height and the total power of each 

waveform as independent variables, and explained 78% of variance. Lefsky et al. 

(1999a) used data from SLICER to predict aboveground biomass and basal area in 

eastern deciduous forests using indices derived from the canopy height profile; they 

discovered that relationships between height indices and forest structure attributes 

(basal area and aboveground biomass) could be generated using field estimates of the 

canopy height profiles, and applied directly to the LiDAR estimated profiles, resulting 

in unbiased estimates of forest structure. Means et al. (2000) applied similar methods to 

evaluate 26 plots in forests of Douglas-fir and western hemlock of the Experimental 

Forest. They demonstrated that very accurate estimates of basal area, aboveground 

biomass, and foliage biomass could be made using LiDAR height and cover estimates.  

 

Moreover, Lefsky et al. (1999a) used statistics derived from the canopy volume method 

to predict numerous forest structural attributes by applying statistical method to predict 

ground-based measures of stand structure from canopy structure indices and the canopy 

volume method indices. Drake et al. (2002) used LVIS data indices to describe the 

vertical distribution of the raw waveforms and the fraction of total power associated 

with the ground returns; which resulted in them predicting field measured quadratic 

mean stem diameter, basal area, and aboveground biomass, explaining up to 93%, 72%, 

and 93% of variance, respectively. 

 

The increasing interest in laser data for forest applications has led to the utilization of 

the spaceborne LiDAR ICESat-GLAS in retrieving vegetation parameters in recent 

years. Nevertheless, only a paucity of studies have employed the satellite LiDAR GLAS 



 

52 
 

waveform data to estimate vegetation profiles (Chen, 2010b); and the results revealed 

variations of other important vegetation parameters such as maximum canopy height, 

canopy cover, stand volume, and above-ground biomass (i.e. Harding et al., 2001; 

Harding and Carabajal, 2005; Lefsky et al., 2005a; Lefsky et al., 2007; Duong et al., 

2008; Neuenschwander et al., 2008;  Rosette et al., 2008a; Pang et al., 2008; 

Duncanson et al., 2010).  

 

Moreover, few studies show that GLAS waveform parameters have good correlation 

with the forest aboveground biomass and can be used to obtain biomass data for larger 

scale forest biomass mapping from other imagery data. One  such  study by Guo et al. 

(2010) which combined charge-coupled device (CCD) data from the Small Satellite for 

Disaster and Environment Monitoring and Forecast (HJ-1) and GLAS waveform data 

for predicting and developing aboveground biomass models for different forest types. 

The results show that the statistical regression models have an R² of 0.68 for conifer 

forest and R² of 0.71 for broadleaf forest. It was found that HJ-1 data and GLAS 

waveform data can be combined to estimate forest biomass; and, hence the predicted 

biomass data can be used as input data for future carbon budget studies (Guo et al., 

2010). Another study, by Saatchi et al. (2011), used estimates of global forest height 

from GLAS waveform in combination with satellite remote sensing data from multiple 

sensors (moderate resolution imaging spectra radiometer (MODIS), shuttle radar 

topography mission (SRTM), and quick scatter-ometer (QSCAT) to extrapolate above 

and belowground biomass from inventory sample plots. The results presented a 

“benchmark” map of estimated biomass over 2.5 billion hectares of forests on three 

continents (Saatchi et al., 2011).    
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However, new spaceborne remote sensing techniques such as the use of light detection 

and ranging (LiDAR) and radio detection and ranging (RADAR) are needed to estimate 

the distribution of biomass plus estimating other important vegetation parameters for 

large-scale mapping of vegetated areas (Saatchi et al., 2011). From this viewpoint, this 

approach of using the two spaceborne sensors - LiDAR and RADAR - will be tested 

and discussed in Chapter 5.     

 

2.9 Comparison with other remote sensing techniques  

Most passive remote sensing systems (aerial photography and remote sensing) can map 

the horizontal organization of canopies but cannot provide direct information on the 

vertical distribution of canopy elements. Moreover, traditional remote sensing methods 

cannot measure or account for ground topography in densely vegetated areas (Ni-

Meister et al., 2001). LiDAR has the advantage of being able to penetrate the forest 

canopy structure (Weishampel et al., 2000), and this enables LiDAR to provide a richer 

picture of forest structure in creating highly accurate three-dimensional representations 

over wide areas, and hence allows it to be effective for forestry and wildlife applications 

(Harding et al., 2001; Goetz et al., 2007). 

 

Goetz et al. (2007) found that LiDAR metrics have better capability to predict habitat 

variables such as crown canopy cover than do traditional remote sensing data. However, 

LiDAR cannot provide the spectral response of passive sensor imagery; therefore, 

although LiDAR technology may replace other remote sensing technologies in some 

cases, the relationship on the whole is complementary (Baltsavias, 1999). The work of 

Hill and Thompson (2005) is a good example of integrating LiDAR and spectral data 

for estimating canopy parameters. They used data from a hyperspectral optical sensor, 
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which is useful for determining dominant species, and combined this with canopy 

height models derived from LiDAR data. This resulted in creating an ecological 

meaningful thematic map using unsupervised classification with the integrated data 

(Hill and Thompson, 2005). The full integration of passive optical sensors and LiDAR 

technology has a lot of potential (Ackermann, 1999). 

 

RADAR  

Radio Detection and Ranging sensors (RADAR) are another remote sensing technique 

that can penetrate forest canopies and hence be used to characterize vegetation structure 

such as estimating canopy height and biomass. RADAR sensors transmit and receive 

radiation in a certain kinds of electromagnetic spectrum region called radio waves and 

microwaves (Figure 2.12).  

 

 
 

Figure 2.12: The electromagnetic spectrum and the microwave bands location (Source: 

<http://earth.esa.int>).  

 

http://earth.esa.int/
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The RADAR principle involves transmitting a powered pulse (PT) towards a target and 

measuring the power received (PR) that is backscattered to the instrument characterised 

with a gain G. The RADAR equation (2.3) has been used to explain the RADAR ground 

return,the differential scattering cross section, or scattering coefficient (σ). If the same 

antenna is used for transmission and reception the radar equation is: 

                                                 𝑃𝑅 =  
𝑃𝑡𝐺²𝜆²𝜍𝐶

 4𝜋 3𝑅4
                                                                    (2.3) 

 Where, λ is the wavelength of the signal, R is the distance from the sensor to the target; 

σC is the backscattering cross-section of a target. The above equation is considered for a 

single target when an isotropic scatter would return the same amount of power as the 

target. For multiple or extended targets, the above equation can be generalised as 

follows: 

                                                 𝑑𝑃𝑅 =  
𝑃𝑡𝐺²𝜆²

 4𝜋 3
 𝑑𝜍𝑖                                                              (2.4) 

The backscatter coefficient σ is defined as the average backscattering cross section per 

unit area and it is expressed in dB. The backscattering cross section is the measure of a 

target`s ability to reflect RADAR signals in the direction of the RADAR receiver. Thus, 

the concept of vegetation study using RADAR remote sensing is based in the 

relationships between the backscattering coefficient σ and biophysical properties of 

vegetation.  

 

The backscatter coefficient for a target is visualised as the product of three factors: the 

projected cross section; reflectivity; and directivity. The projected cross section refers to 

the amount of power reradiates toward the RADAR from a RADAR target. Reflectivity 

is the percent of intercepted power reflected or scattered by the target while the 
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directivity is the ratio of the power scattered back in the radar`s direction to the power 

that would have been backscattered in all directions. When sufficient uncorrelated 

scatters are available from an illuminated area by the RADAR, the signal received has a 

Gaussian distribution (De Loor et al., 1974). The backscattering coefficient at 

polarisation pq can be obtained from the Spq elements of the scattering matrix 

(González, 2008): 

                                                 𝜍𝑝𝑞 =    𝑆 𝑝𝑞   𝑆
∗
𝑝𝑞                                                                (2.5) 

Where the brackets indicates a spatial average and * indicates complex conjugate. 

Polarimetric parameters can be derived from the covariance matrix and different 

matrices can be obtained from scattering matrix. The polarimetric parameters can be 

classified into coherent parameters which require the phase relationships and non-

coherent parameters which do not involve phase parameters. The most common non 

coherence parameters are the backscattering coefficients which are used in this study. 

They are spatially averaged σ HH, σ VV, etc. For coherent parameters, the most common 

are entropy (H), the correlation coefficient (ρhh-vv)   or angle alpha (α).  

 

In the context of RADAR vegetation applications, the scattering phenomenon occurs 

when radiation interacts with a particle that has size similar or larger than the radiation 

wavelength. In general, in a natural surface, there are two main types of scattering, 

surface and volume scattering (Figure 2.13). Surface scattering arises on natural 

surfaces such as soil and water, while volume scattering occurs on snow and vegetation. 

Moreover, the third type of scattering is the interaction between volume and surface, 

including double bounce scattering. This type of scattering occurs in corner reflectors 

with perpendicular surfaces (Lusch, 1999). These scattering mechanisms can be 

distinguished by means of polarimetric approaches. 
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Figure 2.13: Types of backscattering in a natural surface. a) volume scattering in the tree crown, b) 

surface scattering, c) tree-soil backscattering (double bounce scattering), d) soil-tree backscattering 

(double bounce scattering) (Lusch, 1999).   
 

The roughness of the surface plays an important role in determining the types of surface 

scattering. A specular reflection is produced when radiation intercepts with a very 

smooth surface while if the surface is perfectly smoothly, the the radiation is reflected 

forwards with a reflection angle Өs that equals to the incidence angle Өi. In the case of 

the surface is not perfectly smooth, diffuse reflection occurs and the scattered radiation 

has two components: a specular component and a diffuse component. The specular 

component decreases and almost all the scatter radiation is diffuse when the surface 

becomes rougher (Ulaby et al., 1986).  As a result, the backscattering coefficient σ will 

be close to zero in the case of very smooth surface and σ will be low if the surface is 

slightly rough while σ will be slightly high and rough if the surface is very rough , see 

Figure 2.14 (González, 2008).  

 

Figure 2.14: the backscattering coefficient σ for different surface roughness conditions (González, 2008). 
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In this study there is an interest in the behaviour of Savannah woody vegetation surface 

observed by ALOS PALSAR system at L-band.  

 

In general, the backscattering from vegetation surface is high. However, the orientation, 

form and size of the plant affect the backscatter behaviour (Henderson and Lewis, 

1998). Many studies revealed the relationship of the backscatter intensity channels of a 

polarimetric SAR to biophysical variables of vegetation, especially the cross-polarised 

L-band channel which proved to be useful (Harrel et al., 1997). Moreover, 

Interferometric Synthetic Aperture Radar (InSAR) technology has been studied for use 

with vegetation. A study by Balzter et al. (2007) used airborne dual-wavelength SAR 

interferometry (InSAR) at X- and L-band to estimate canopy height using a method 

based on the scattering phase centre separation at different wavelengths, over Monks 

Wood National Nature Reserve in UK. Results of extracted canopy height model were 

validated using airborne imaging LiDAR data. The RMSE of estimates of CHM derived 

from InSAR is 3.49 m compared to LiDAR data. Biomass was then estimated using 

canopy height estimates with allometric equations.  

 

Compared with LiDAR and passive optical sensors, InSAR has the ability to penetrate 

cloud cover (Wulder and Franklin, 2003).  However, InSAR has proven in many studies 

to be less accurate for vegetation characterization purposes when compared to LiDAR 

(Hyde et al., 2006; Goetz et al., 2007). Improved results for forest parameters 

estimation could be achieved when combining InSAR data with LiDAR data (Slatton et 

al., 2001; Nelson et al., 2005).  
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Synthetic aperture radar (SAR) is an all-weather sensor suitable for repetitive 

monitoring and reliable estimation of forest structure information over large areas due 

to its long wavelength. Many studies have already been carried out using airborne SAR 

systems, as well as space systems such as SIR-C/X SAR, ERS and JERS-1; C-Band 

ENVISAT-ASAR (i.e., Harrel et al. 1997; Kasischke et al. 1997; Ulaby et al. 1990; 

Chauhan et al., 1991; Lin  and Sarabandi, 1999; Garestier et al., 2009; Santoro et al., 

2010). In particular, it has been observed that the backscattering coefficient at L-band 

had some correlation with forest structure such as volume and biomass, with L-VH or 

HV better than HH or VV (Ranson and Sun, 1994).  

 

However, LiDAR and Synthetic-Aperture RADAR measurements offer promising 

means to obtain comprehensive measurements of vegetation structure at a regional to 

global scale (Drake et al., 2002; Popescu et al., 2003, Saatchi et al., 2007; Antonarakis 

et al., 2008; Sun et al., 2008). LiDAR has been used mainly to extract canopy heights, 

due to its ability to measure the distance from the sensor to the surfaces in its path. 

Beside LiDAR, RADAR has the ability to penetrate canopies of different densities 

depending on the wavelength of the pulse emitted, and thus has been used to estimate 

basal area, volume, and aboveground biomass from radar backscatter measurements 

(Cloude ,1998; Sarabandi, 2000; Fransson et al., 2000, Saatchi et al., 2007). The most 

recent RADAR Interferometry techniques have extended the application of the Radar 

remote sensing in estimating forest heights (Santoro et al., 2007).  However, the past 

and current studies show that the use of spaceborne LiDAR and Synthetic-Aperture 

Radar in the savannah environment is rare. In this study, two comparative analyses have 

been done to validate the ability of spaceborne LiDAR remote-sensing measurements to 

provide information on savannah vegetation structure. The first one is to compare 
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GLAS waveforms estimations of vegetation height with those from airborne LiDAR 

data. The second one is to compare and combine GLAS data and ALOS PALSAR data 

to predict estimation of woody cover of savannah vegetation.  

 

2.10 Summary  

Savannah landscapes offer a challenge of an altogether greater magnitude because they 

contain greater numbers of species and landscapes than other landscapes (Tews et al., 

2004a). Due to this challenging complication, the use of remote sensing in the savannah 

ecosystems has largely been limited to studies of fire (i.e., Alleaume, 2005 and Roy et 

al., 2005b) and has been insufficiently explored for ecological research in these areas  

(Levick and Rogers, 2008).    

 

LiDAR recording systems have the ability to capture information relating to vegetation 

structure. This provides direct and indirect measurements of vegetation structure 

(Dubayah and Drake, 2000). Full-waveform LiDAR systems are a promising technique 

for various forestry applications (Pirotti, 2011). The recently launched Geoscience 

Laser Altimeter System (GLAS) provides global LiDAR data with a variable diameter 

of 70 m footprint spaced at approximately 170 m. Some early research has shown that it 

offers potential in estimating forest structure which could be extended to biomass 

measurements of savannah systems, but some questions remain over the reliability of 

the structural measures it generates. This research explores the use of GLAS data in 

more open sparsely vegetated areas such as savannah ecosystems. 

 

Beside the spaceborne and airborne LiDAR, RADAR offers promising methods to 

obtain information on the dynamics of vegetation structure, at both the scale of 
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individual trees and the canopy (Santos et al. 2000; Lucas et al., 2006c and 2009). 

LiDAR, due to its ability to measure the distance from the sensor to the surfaces in its 

path, has been used mainly to extract canopy heights. Radar pulses have the ability to 

penetrate canopies of different densities depending on the wavelength of the pulse 

emitted, and thus have been used to estimate basal area, volume, and aboveground 

biomass from radar backscatter measurements (Fransson et al., 2001; Saatchi et al., 

2007).  

 

This chapter has introduced the hypotheses on the processes of savannah vegetation 

dynamics and tree-grass coexistence; presented a background of LiDAR and laser 

systems; and summarized its principles, including a full description of the two types of 

LiDAR recording data systems - the discrete return and the full waveform recording 

systems.  It also identified the previous applied studies using both types of LiDAR data 

with comprehensive description of vegetation structural applications using satellite 

LiDAR sensors. Moreover, this chapter has presented other sources of dataset that will 

be used for comparative analysis, mainly the airborne LiDAR and the ALOS RADAR, 

which will be discussed in more detail in the next chapter.     

 

Recently, vegetation LiDAR data have become more widely available to study the link 

between vegetation LiDAR signals and vegetation structure characteristics. Many 

studies have demonstrated the potential use of spaceborne and airborne vegetation 

LiDAR data to map vegetation height, aboveground biomass characteristics, and other 

vegetation structure parameters (Lefsky et al., 1999a; 2002a; 2002b; 2005b; Harding et 

al., 2001; Drake et al., 2002; 2003a; 2003b; Patenaude et al., 2004; Anderson et al., 

2006; 2008; Popescu, 2007; Popescu and Zhao, 2008; Chen et al., 2007; and Chen, 
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2010b). Therefore, characterising savannah canopy structure using spaceborne remote 

sensing sensors would help the advancement of knowledge in the savannah domain.  

 

The spaceborne Geoscience Laser Altimeter System (GLAS), part of the ICESat 

mission, provides global LiDAR data with a variable diameter of 70 m footprint spaced 

at  approximately 170 m (Zwally et al., 2002). It has successfully shown promising 

approaches for estimating forest structure (Drake et al., 2002; Lefsky et al., 2002a; 

Duong et al., 2008; Rosette et al., 2008a; 2008b; 2008c; Chen, 2010b). Whilst GLAS 

data have demonstrated its ability to retrieve vegetation structure in temperate and 

boreal forests (i.e., Ranson et al., 2004 a, 2004b; Rosette et al., 2008c), it is important to 

study its ability in more open sparsely vegetated areas such as savannah ecosystems. 

The following chapter introduces the sources of satellite and airborne LiDAR data used 

within this research, with distribution of field measurements data and its techniques. 

Finally, the methodologies of analysing this data are described.    
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CHAPTER THREE 
 

DATASETS AND GENERAL METHODOLOGY  
 

3.1 Introduction 

Kruger National Park (KNP) presents a highly suitable site for savannah ecosystem. 

Ecosystem managers in South Africa, particularly in the Kruger National Park (KNP) 

have designed the Threshold of Potential Concerns (TPCs) for specific variables to 

monitor changes in the savannah landscape (Rogers, 2003). Canopy height, canopy 

cover, and the biomass of the herbaceous vegetation are of special interest to assess 

woody vegetation structures in KNP (Biggs and Rogers, 2003). 

 

The aim of this research is to evaluate the potential of ICESat/GLAS to estimate vertical 

canopy structure over savannah landscape for characterizing canopy structure over 

savannah vegetation landscapes in Kruger National Park. This will involve mainly the 

methodology of analysing spaceborne LiDAR data plus some fieldwork, and compare it 

with airborne LiDAR and RADAR data to validate the remote sensing analysis. 

 

This chapter describes the source of the satellite and airborne LiDAR data and other 

data sets that are used within this study, and also provides a broad methodology to show 

how the different objectives fit together to achieve the aim of the research. This chapter 

also presents and discusses the initial results obtained from applying methods of 

retrieving vegetation heights using full GLAS waveform. Results are presented that 

show the technique that will be used in the two following chapters  4 and 5.  
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3.2 Study area and datasets 

3.2.1 Study area 

The two study areas are in Kruger National Park (KNP), which is located in the north-

eastern part of South Africa (22.3-25.5° S, 30.8-32° E; Figure 3.1). KNP covers an area 

of approximately two million hectares, and is adjacent to Mozambique to the east and 

Zimbabwe to the north. Its boundaries are demarcated by the Limpopo Hills in the east, 

the Luvuvhu and Limpopo rivers in the north, and the Crocodile River in the south; with 

three permanent rivers, which are the Olifants, Letaba and the Sabie, flowing from west 

to east across the Park. In addition to these rivers, there is a multitude of seasonal rivers 

(Gillson and Duffin, 2007). 

 

 
Figure 3.1: The location of the study area in South Africa and the two study areas in KNP, which shows 

overlapping between airborne LiDAR tiles and GLAS tracks plus the overlying between GLAS tracks 

and RADAR (ALOS PALSAR) data. 
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Climatically, KNP is temperate in the south and tropical to subtropical in the north. The 

average annual rainfall is 400mm per year in the far north and 730 mm in the southwest, 

with great annual variability. Elevations range from 260m a.s.l. to 839m a.s.l. 

Geologically, KNP is divided along a central north-south axis, with basalt plains to the 

east and undulating granite to the west (Gillson and Duffin, 2007).  The flora of the park 

is sub-arid to semi-arid wooded savannah, with a heterogeneous structure varying from 

open grassy plains with low shrubs to dense woodlands and riparian forests (Gillson and 

Duffin, 2007). There are 1903 plant species in the KNP, including over 400 tree and 

shrub species, of which the genera Acacia, Combretum, Sclerocarya and 

Colophospermum are common; and over 220 grasses (Eckhardt et al., 2000). Vegetation 

in the park is divided into four major types, which are influenced by the underlying 

geology (Figure 3.2(a)), soil patterns, topography, fire and grazing (Eckhardt et al., 

2000).  

 
 

Figure 3.2(a): The simplified geology in KNP. 
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According to Gertenbach (1983), the Park is divided into 35 landscapes (Figure 3.2(b)): 

a landscape is defined as an area with a specific climate, geomorphology, soil and 

vegetation pattern, together with the associated fauna (Gillson and Duffin, 2007). The 

Park has diverse fauna, including 147 species of mammals, which include important 

herbivores such as elephant and buffalo; and 492 bird species (Eckhardt et al., 2000).  

 

 
 

Figure 3.2(b): The landscapes that characterise KNP. 
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3.2.2 Field data 

Field data were collected within the GLAS and airborne LiDAR sampling range during 

the winter of 2010. Field data collection consisted of thirty-one 35 m radius plots for 

each (footprints); and each plot was divided into four subplots (10 m radius). The 

heights of the trees were measured and their average was used to compare with airborne 

LiDAR and GLAS retrieved canopy height. A two year difference between GLAS 

footprints and field data plus a six year difference between airborne LiDAR and field 

data were neglected in the data analysis. No field data is available within the 

overlapping data between ALOS PALSAR data and GLAS footprints. Figure 3.3(a) 

shows the spatial coverage of GLAS over KNP and the overlaying with airborne 

LiDAR and ALOS PALSAR data; and Figure 3.3(b) shows the Selected GLAS 

footprints for field data collection, which are just overlaid with airborne LiDAR data. 

       

 

Figure 3.3(a): Overlaying of GLAS data and both of data sets airborne LiDAR data and ALOS PALSAR 

data. b) Representation of the 31 GLAS footprints selected for field data collection in KNP on Google 

Earth map. 

a b 
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3.2.2.1 Fieldwork and protocol 

Before the fieldwork, it was important to identify the footprints to be sampled for 

vegetation height estimation. Thirty-one samples were selected for the fieldwork. With 

any fieldwork comes the issue of inaccessibility: two samples fell on the riverine lands. 

Fieldwork was conducted in August 2010. The aims of the fieldwork were to make 

measurements of canopy height within the selected sampled footprints to provide 

comparisons with estimates from the satellite LiDAR estimates.  

 

A handheld Global Positioning System Garmin eTrex (GPS) receiver was used to locate 

the identified GLAS footprint centres. Further, data was collected in four annular 

subplots: one in the footprint centre and three on the footprint located 20 m at 

approximate azimuths of 0º, 120º and 240º from the subplot centre. Radius of subplots 

were 10 metres each in order to account for the reflected LiDAR energy, which has a 

central maximum and fades away radial outwards (Duong et al., 2008). 

 

A peg was placed at the footprint centre as the field site reference point. The first 

subplot, which had the centre reference point, was delineated by placing pegs along a 10 

metre radius bearing from the footprint centre. Within the delineated subplot, tree 

heights 1 metre above the ground surface was systematically measured. Then, after the 

centre of the GLAS footprint was located, three sampling subplots with a radius of 10 

metres to north, south-east and south-west at approximate azimuths of 0º, 120º and 240º 

respectively from footprint centre were located within the GLAS footprint.  Figure 3.4 

gives the conceptual sampling design for the GLAS footprint.  
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Figure 3.4: Sampling plots within a GLAS footprint: radius of sampling subplots (small circles) is 10 m; 

the distance between sampling plots is 20 m. 

 

 

3.2.2.2 Fieldwork measurements 

 

The priority for the fieldwork measurements was given to height tree measurement 

taken at 31 footprints location along the pass to be compared with full waveform 

derived canopy height estimations.  

 

Tree height 

Tree height was measured using two methods: the clinometer and woodland stick 

methods. For the taller trees (more than 10 m), clinometer together with measuring 

tapes were used to obtain direct height estimates; while routine height measurement 

using the woodland stick were used to obtain direct height measurements for tress taller 

than 10 m. The selected footprints for tree height measurements are located in the 

Sabie/Crocodile Thorn Thickets ecozone, which is characterized by a very dense growth 

of thorny shrubs. Therefore, for some plots it was easier to use the second height 

measurement method and much time has been saved by using this woodland stick 

method.  
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The vegetation in these sampling plots varies from dense, short bushveld to open tree 

savannah (Figure 3.5). The dominant species is Combretum apiculatum, which is 

medium sized (4-10 m height), with associated species - mainly Acacia nigrescens, 

which varies in size from 8-20 m height, and other woody species.     

 
 

Figure 3.5: The photograph on the left shows an example of dense vegetation within some plots while that 

on the right shows the open tree savannah in other plots. 

 

1- Clinometer method  

Tree height was measured using the clinometer and tape measure. This is illustrated in 

Figure 3.6. The clinometer used allowed accurate direct height readings for the tree top 

and tree base from eye level at horizontal distances (10 or 15 m) from the tree (D).  

 

Equation (3.1) was used to calculate the tree height for the flat footprints and sloping 

ground when the base of the tree is below eye level (Figure 3.6 (a and b)): 

                                 Tree Height = H1 + H2                                             (3.1) 

Where H1: is the distance from eye level to the top tree: H1 = Tan °a x D; 

H2: is the distance from eye level to the base of the tree: H2 = Tan °b x D 

Equation (3.2) was used to calculate the tree height when the base of the tree is above 

the eye level of the observer (Figure 3.6(c)). 

                                      Tree Height = H1 - H2                                           (3.2) 
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Where H1: is the distance from eye level to the top tree: H1= Tan °a x D; and H2: is the 

distance from eye level to the base of the tree: H2= Tan °b x D 

 

 

 
 

Figure 3.6: Use of the clinometer to measure the tree height in flat and sloping ground when the base of 

the tree is below eye level, while c) measuring the height of the tree when the base of the tree is above eye 

level, adapted from (NSW Government website, 2007). 
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2- A woodland stick method 

A straight stick was used to measure tree height by holding its base vertically at arm 

length, making sure that the length of the stick above the observer hand equals the 

distance from the observer hand to their eye. Then, the observer walked backwards 

away from the tree and stopped when the length of the stick above the observer hand is 

the same length as the tree. Measuring the distance from the tree to where the observer 

is standing gives the tree height (Figure 3.7). 

 

 
 

Figure 3.7: Illustrates measuring tree height using a woodland stick method. Source: (USAD website, 

2008).  

 

Species also have been recorded for the sampling footprints and an approximation of 

percentage coverage of species (trees, shrubs and non-woody vegetation) was also 

recorded. These measurements were repeated for each selected GLAS footprint for the 

field site. Table 3.1 shows the field data collected for the 29 GLAS footprints using both 

methods described above. 
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Table 3.1: The field data collected for 29 ICESat-GLAS footprints location in KNP. 

 

Footprint ID Longitude Latitude Maximum Height 

(m) 

canopy cover 

(%) 

1627010654_20 24.93138 31.660736 56 70 

1627010654-21 24.932933 31.660497 46 70 

1627010654-22 24.934485 31.660258 16 70 

1627010654-23 24.936037 31.660018 22 70 

1627010654-24 24.937589 31.659776 11.5 70 

1627010654-25 24.939141 31.659532 14 70 

1627010654-26 24.940692 31.659287 22 70 

1627010654-27 24.942243 31.659042 10 70 

1627010654-28 24.943794 31.658797 14.5 70 

1627010654-29 24.945348 31.658554 12 70 

1627010654-30 24.946901 31.658312 24 70 

1627010654-31 24.948455 31.658072 25 50 

1627010654-32 24.950008 31.657832 18 50 

1627010654-33 24.95156 31.657594 16 60 

1627010664-10 24.97793 31.65368 11 12 

1627010664-11 24.97948 31.653448 20 15 

1627010664-12 24.981031 31.653214 9.5 10 

1627010664-13 24.982584 31.652979 10.5 10 

1627010664-14 24.984138 31.652742 16.5 10 

1627010664-15 24.985692 31.652505 17.5 10 

1627010664-16 24.987246 31.652266 16.5 10 

1627010664-17 24.988799 31.652027 10 30 

1627010664-18 24.990351 31.651788 14.8 5 

1627010664-19 24.991903 31.651547 14 15 

1627010664-20 24.993454 31.651306 11 5 

1627010664-21 24.995006 31.651064 12 70 

1627010664-22 24.996557 31.650822 8 30 

1627010664-23 24.998109 31.650579 12 30 

1627010664-24 24.99966 31.650337 12 40 

 

Crown canopy cover 

Crown canopy cover is a good ecologically significant parameter to estimate how much 

a plant dominates an ecosystem; it is highly related to biomass and reflects the amount 

of CO2 and light that the plant captures and turns into phytomass (aboveground plant 

biomass). Cover also reflects the amount of soil water and nutrients that the plant can 

harvest. Crown canopy cover is expressed as % of area. Therefore, the meaning of cover 

is the same for grasses, shrubs, wood, etc (Daubenmire, 1959). In this study, an ocular 

estimation of percentage ground cover has been recorded for each subplot, and an 
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average total of crown canopy cover has been calculated for the whole GLAS footprint. 

This was done using the guidance explained in the work of Law et al. (2008) for the 29 

GLAS footprints (Table 3.1). Figure 3.8 shows examples of cover percentage and Table 

3.1 contains a summary for the recorded field data. 

 

 
 

Figure 3.8: Examples of percent crown canopy cover (Law et al., 2008).  
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3.2.3 Airborne Laser data 

The airborne LiDAR data that were used in this study were acquired by the University 

of Witwatersrand (WITS) on 24 August and 9 September 2004. Data are supplied in 

WGS84 UTM South Zone36 orthometric height in comma delimited (.las) format as 

follows:  East, North, Height, and Intensity. Laser points were converted from WGS84 

ellipsoidal to WGS84 orthometric height using the South African Quasi geoid in Xform 

ver.4.3 by the data provider. 

 

Before any analysis is performed with LiDAR data, the data received has to be checked 

for any inconsistencies using the point file information tool in ArcGIS 3D Analyst™ 

tool. This tool is designed to read the headers of LAS files for further analysis. The 

average point spacing tends to be approximately 1 metre, which gives a good sampling 

for further analysis for GLAS footprint data.  LAS files captured since 2004 conform to 

the LAS 1.0 specification. This specification allows the separation of LiDAR data into 

ground returns and non-ground returns by the classification field associated with LAS 

files. A full explanation of the specification can be found in LAS specification (Version 

1.0, 2002).  The LAS data files were read by the LAS to Multipoint tool in ArcGIS 3D 

Analyst™, and accommodated classifications and separations for the LiDAR points into 

unique feature classes  at 1 metre resolution were done to extract Digital Surface Model 

and Digital Elevation Model for further analysis.   

 

3.2.4 ICESat-GLAS data 

3.2.4.1 GLAS product summary 

As described in the previous chapter, ICESat has acquired a magnitude database of raw 

and processed data, which is organised into the 15 data products from GLA01 to 
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GLA15 (Brenner et al., 2003). Each product is developed and processed for particular 

uses. GLAS data is pre- processed into different levels from level 0 to level 3. Level 0 

contains waveform raw data; level 1 data includes instrument parameters; level 2 data 

contains geophysical, ice, ocean, atmosphere and land parameters; and level 3 contains 

gridded digital elevation model and atmospheric backscattered images. These data are 

distributed by the National Snow and Ice Data Centre (NSIDC) in granules, which 

contain different amounts of data with different structure, variables and size of data. The 

data are stored in a binary format in big-endian byte order and are organised in records 

of 40 footprints. All the data products are time-stamped with transmit time of pulse in 

Coordinated Universal Time (UTC) as collected along-track. To relate information from 

different datasets, a unique record index is assigned to every one second of data. The 

unique record index is consistent across all products of the same release (NSIDC, 2003). 

 

Two data products of release 29 GLAS were used in this study: Level 1A Global 

Altimetry data (GLA01) and Level 2 Global Land Surface Altimetry data (GLA14). 

 

„GLA01‟ is a level 1A data product, which contains granules that have raw LiDAR 

waveform in digitizer counts, which are afterwards converted to volts (by users). One 

granule covers ¼ orbit or ~23 minutes of data. This data can be obtained by searching 

the granule ID or time. GLA01 contains the transmitted and received echo waveforms. 

This product has variables such as the filter threshold value for signal detection in 

digitizer counts, laser transmit energy, received energy from all signals above threshold, 

sampled transmit pulse waveform, 4ns background mean value, and standard deviation 

(Brenner et al., 2003).  „GLA14‟ is a level 2 data, which contains sensor position and 

pointing information as well as calculated footprint position, size and shape, and land 
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surface elevation. GLA14 granules cover 14 consecutive orbits. Transmitted pulse and 

recorded waveforms are represented with characteristic shape parameters only. The 

recorded waveform is decomposed into a series of Gaussian peaks, as described in 

Hofton et al. (2002), Zwally et al. (2002) and Brenner et al. (2003).  

 

These products are of interest for this study because GLA01 carries the signal strength, 

while GLA14 contains geolocation of the incident LiDAR beam. The record number, 

shot time and shot number are common fields across GLAS products.  

 

3.2.4.2 Pre-processing of GLAS data 

GLAS data were acquired in the period from 19 February 2008 to 15 March 2008. 

GLA14 altimetry product data are distributed in binary (*.DAT) format, which were 

converted to ASCII format using the NSIDC GLAS Altimetry elevation extractor tool 

(NGAT) version 11 to derive each shot unique number, date and time and acquisition, 

latitude and longitude (in decimal degrees), elevation (metres), and geoid (which is 

defined as the height at which half the return energy is above and half is below (Ranson 

et al., 2004b). GLA01 data are in counts and were converted to voltages using 

IDLreadGLAS software codes provided by the National Snow and Ice Data Centre. 

These codes were used to process and explore the waveforms and to identify and extract 

parameters of interest.  

 

Raw data that was ordered from NASA were generated to produce usable data, 

including unique number, shot number, shot time, number of samples, and 

uncompressed waveform values in volts (Seidel, 2005); and then GLA01 waveforms 

were linked to GLA14 on the basis of record and shot numbers. GLAS footprints were 
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then identified over the study area and waveforms with high level of echo saturation 

were filtered out. 

 

These datasets were acquired in the period from 19 February 2008 to 15 March 2008, 

during the temporal coverage of laser L3J, whose operational period was between 17 

February and 21 March, and are all from release 29. There are 6 tracks with 8519 

waveforms in total, and 2629 waveforms are located within the study area (Figure 3.3). 

Table 3.2 describes the GLAS variables used in this study. 

 

Table 3.2: The ICESat-GLAS product variables used in this study (NSIDC, 2003). 

 

Variable 

Element of  

data product 

of 

 

Description 

Record 

Number 

GLA01,GLA14 GLAS digitizes 40 echo signals per second. Each 

set of forty shots is assigned a unique record 

number during processing of level 0 data. 

Shot Number GLA01,GLA14 There are forty shots in  each record and each is 

assigned a number called the shot number,  

Date GLA14 Date of transmitted pulse in mm/dd/yyyy 

Time GLA01,GLA14 Time of transmitted pulse in hh:mm:ss.sss 

i_lat GLA014 Geodetic latitude of the laser shot in degrees 

i_lon GLA014 Longitude of the laser shot in degrees 

i_elev GLA014 Surface elevation in meters of the laser shot from 

the reference ellipsoid 

i_gdHt GLA014 Height of the geoid above the reference ellipsoid in 

meters 

i_UTCTime GLA01,GLA14 Transmit time in UTC 

i_Gamp GLA014 Amplitude of each Gaussian solved for (up to six) 

waveform processing in 0.01 volts. 

d_4nsBgMean GLA01 The mean background noise value  

   

d_4nsBgSDEV GLA01 The standard deviation of the background noise 

i_SigBegOff GLA014 Signal Begin Range Offset 

i_SigEndOff GLA014 Signal End Range Increment 

i_nPeaks GLA014 The initial number of peaks of the received echo 

determined from the smoothed waveform, using 

alternative parameters. 
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3.2.5 ALOS PALSAR data 

3.2.5.1 Overview of ALOS satellite 

The Advanced Land Observation Satellite (ALOS), which has been operational since its 

launch in January 2006, is the largest satellite developed in Japan. It designed for four 

major application themes of detailed observation of the earth surface which involves 

generation of 1:25,000 geographical maps, regional and frequent monitoring of global 

environmental changes, information distribution for disaster mitigation and resource 

exploration. It operated for five years, although it was designed to only operate for three 

years. However, ALOS terminated its mission on May 2011.  That is, the termination 

was accomplished by using three high resolution optical and microwave sensors: the 

Panchromatic Remote-Sensing Instrument for Stereo Mapping (PRISM); the Advanced 

Visible and Near-Infrared radiometer 2 (AVNIR-2); and the Phased-Array L-band 

Synthetic Aperture Radar (PALSAR) (Shimada et al., 2009).  

 

PALSAR 

 

The Phased Array L-band Synthetic Aperture Radar (PALSAR) is an enhanced version 

of the Synthetic Aperture Radar on JERS-1 (L-band; HH-polarisation; 35°off-nadir 

angle); like its predecessor, PALSAR was developed jointly by the Japan Aerospace 

Exploration Agency JAXA and the Japan Resources Observation Systems Organization 

(JAROS) (Rosenqvist et al., 2004). 

 

PALSAR is a fully polarimetric instrument, operating in fine-beam mode with single 

polarisation (HH or VV), dual polarisation (HH+HV or VV+VH), or full polarimetry 

(HH+HV+VH+VV), where the first note of H (horizontal or V (vertical) is the transmit 

polarization and the second is the receive polarization. PALSAR is used to image the 

earth surface under all weathers and day/night conditions. It has two selectable 
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resolutions: a high-resolution mode with a bandwidth of 28 MHz, allowing the slant 

range resolution of 5 m; and a low resolution with a bandwidth of 14 MHz, allowing the 

slant range resolution of 10 m (Shimada et al., 2009). Table 3.3 lists the PALSAR 

characteristics. The PALSAR acquisition data allowed the establishment of an 

unprecedented, global Data Observation Strategy in support of climate change research 

and environmental conventions; and enriches land use classification, interferometry, 

tree-height estimation, and sea-ice monitoring (Rosenqvist et al., 2004; Shimada et al., 

2009).   

Table 3.3: The PALSAR specifications. Source (Shimada et al., 2009). 

Mode High resolution  ScanSAR Polarimetry 

Frequency 1,270.00MHz (L-band) 

Bandwidth 

(MHz) 

28.0 14.0 14.0, 28.0 14.0 

Polarization HH or VV HH+HV or 

VV+VH 

HH or VV HH+HV+VH+VV 

Incidence angle 8 ~ 60◦ 8 ~ 60◦ 18 ~ 43◦ 18 ~ 43◦ 

Resolution (m) 7 ~ 44 14 ~ 88 100(multi look) 24 ~ 89 

Swath (Km) 40 ~ 70 40 ~ 70 250 ~ 350 20 ~ 65 

Number of bits 5I+5Q 5I+5Q 5I+5Q 5I+5Q 

Data rate 

(Mbps) 

240 240 120, 240 240 

NESZ (dB) < -23 (70 km) 

< -25 (60 km) 

 

< -25 < -29 

(S/A :Db) > 16 (70 km) 

> 21 (60 km) 

 

>21 >19 

Antenna :m Azimuth : 8.9 x range: 3.1 

Note:NESZ:Noise Equivalent Sigma-zero 

S/A:Signal-to-ambiguity Ratio 

I:In phase signal and Q:quardric phase signal 

ScanSAR: Scanning SAR 

 

 

3.2.5.2 ALOS PALSAR data processing 

L-band SAR data from PALSAR sensor used in this study were acquired over the test 

site during the period June 2007 to June 2008. The imagery of ALOS PALSAR in Fine 

Beam Double Mode (FBD) was acquired through ALOS Data European Node (ADEN) 

provided by the Japanese Aerospace Exploration Agency (JAXA) and the European 
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Space Agency (ESA). The HH and HV polarized images were received in single look 

complex (SLC) format and slant range geometry (processing level 1.1), with an off-

nadir angle of 34.3 degree and a pixel-spacing of 9.4m in range and 3.2m in azimuth 

direction, respectively. The swath width approximated 70 km. 

 

The processing of the SAR data took place using GAMMA SAR processing software. 

The images were undertaken as multi-looking of 1 look in range and 4 looks in azimuth 

direction resulting in ground range pixel-spacing of approximately 14m and 13m, 

respectively; and then re-sampled to a resolution of 15 m using bilinear interpolation 

with the Differential Interferometry and Geocoding package (DIFF and GEO). The 

images were co-registered using a cross-correlation algorithm and a signal to noise ratio 

(SNR) of 10, resulting in a discrepancy of less than one pixel. 

 

For geocoding, a 20 m resolution Digital Elevation Model (DEM) of Kruger National 

Park provided by South African National Space Agency (SANSA) was sampled to 15m 

using bilinear interpolation. From this DEM a SAR backscatter image was simulated 

and transferred to slant range geometry and a geocoding look up table was created using 

orbit parameters. A refinement of this look up table by cross-correlating the simulated 

with the original images was tried but, due to the faint relief, no accurate matching 

points were found, and lower SNR values resulted in huge geometric distortions; so that 

the geocoding is relying on orbit parameters alone, resulting in an unquantified error. 

This processing did not involve a terrain correction as well, so that SAR inherent 

features like layover or foreshortening are not corrected but, with regard to the flat 

topography terrain, correction should not play an important role. 
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3.2.6 Ancillary data 

3.2.6.1 Aerial photography and GIS data 

Aerial photographs acquired in 2009 for the selected study area in KNP were supplied 

by the National Geospatial Information in Cape Town, South Africa. They were used 

for visual interpretation only. The aerial photos are orthorectified and colour balanced 

using dodging techniques and are supplied as Band 1 = Red, Band 2 = Green, Band 3 = 

Blue (conventional aerial photography band order). Furthermore, Geographical 

Information System (GIS)-layers (Table 3.4) have been provided by SANParks were 

only included into the interpretation of the results. 

 
Table 3.4: Provided GIS data sets for KNP 

 

GIS Layer Type of data Reference 

Classified simplified 

geology 

Vector Venter (1990) 

Classified Landscapes  Vector Gertenbach (1983) 

Main rivers Vector SANParks 

 

 

3.2.6.2 Woody cover map for the KNP 

A woody cover map for the entire park (Figure 3.9), derived from remote sensing data, 

was produced by Bucini et al. (2010). Based on the Akaike information criterion, a 

combination of Japanese Earth Resources Satellite-1 (JERS-1) and Landsat imagery 

has been used and the result ended up in a woody cover map with a spatial resolution of 

90m with R² of 0.61 and an RMSE of 8.1%. 
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Figure 3.9: Woody cover map (%) of KNP, adapted from (Bucini et al., 2010). 

 

 

 

3.3 Data discussion and accuracy 

3.3.1 Field measurements accuracy assessment 

Accuracy is defined as giving a measurement or estimation to the nearest part, of some 

unit of measurement (West, 2009). The first method used a clinometer, which is the 

most accurate and recommended method of measuring tree height, to measure tree 

height. However, the accuracy of height results depends on both instrument error and 

distance measuring error stated within the instrument documentation. The first method, 

using the clinometers, was used to measure tall trees (more than 10 metres) in the 

GLAS footprints; while the second method, which used a woodland stick, was used to 
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measure the trees up to a height of 10 metres in very dense subplots in GLAS footprints.   

A comparison was made between both methods in the field and resulted in a mean error 

of ±2 metres. 

  

3.3.2 GLAS footprint geolocation accuracy assessment 

Footprint geolocation accuracy was assessed for the footprint over the selected study 

area by comparison with reference DEMs derived from airborne LiDAR data to 

investigate their accuracy in estimating surface elevation. The centre of the footprint 

was shifted 1pixel (2 metres), two pixel (4 metres), and 3 pixel (6 metres) around the 

original centre of the footprint location towards North, South, East and West. Then, the 

correlation coefficients between the airborne and GLAS LiDAR DEMs shifted was 

derived for each shift. The shifts, their correlation coefficients, and standard deviation 

are given in Table 3.5. 

 

Table 3.5: The shifts, their correlation coefficients and standard deviation for the GLAS footprints. 

Shift  North South East West 

0 pixel Correlation 

coefficient 

0.998 0.998 

 

0.998 

 

0.996 

 

SD 1.89 1.94 1.82 1.99 

 

1 pixel Correlation 

coefficient 

0.997 0.997 

 

0.998 

 

0.997 

 

SD 1.89 1.94 1.80 1.99 

 

2 pixel Correlation 

coefficient 

0.997 

 

0.998 

 

0.998 

 

0.996 

 

SD 2.05 1.90 1.76 2.07 

 

3 pixel Correlation 

coefficient 

0.997 

 

0.998 

 

0.998 

 

0.99 

 

SD 2.04 1.80 1.72 2.00 

 

In general, the standard deviations for the shifted GLAS footprints show that the new 

locations of the GLAS footprints have little variation with the airborne LiDAR DEMs. 
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Hence, the differences in footprints geolocation will be neglected, giving that these 

uncertainties of several metres will not affect the analysis of the GLAS waveforms 

(Zwally et al., 2002). 

 

For better visualization of ICESat footprints over terrain, the GLAS footprints were 

georeferenced and converted to KML and then were visualized in Google Earth. This 

visualization of the ICESat footprints provided better analysis of the footprint shape and 

size, and illuminated features within each footprint. Moreover, the Surface elevation 

profiles based on GLA14 data has been compared with the Elevation profile of Google 

Earth for the selected GLAS footprints (See Figure 3.10).    

 
 

Figure 3.10: Comparison GLAS footprint elevation profiles with the Google Earth elevation profiles for 

the selected GLAS footprints over the study area. 

 

3.4 Methods of analysis 

The basic idea of the data analysis and the expected outcomes was presented in section 

1.5. This section presents a comprehensive review of the signal processing steps that 

have been carried out to achieve the final results. It includes the pre-processing as well 

as the data analysis itself. The outline is structured in accordance to the main data 
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source, which are GLAS data and their analysis. It also provides a broad methodology 

to show how the different objectives fit together to achieve the aim of the research. 

 

3.4.1 Broad methodology 

The vegetation structure parameters extracted from the full waveform GLAS data over 

KNP are canopy height and woody cover, based on GLAS waveform parameter analysis 

and the relationships between the estimations parameters from GLAS full waveforms 

and airborne LiDAR, Radar, and Field data. The overall aim of incorporating the use of 

other datasets is to gain an insight into the possibility of using spaceborne LiDAR 

altimetry for characterizing vegetation structure in the savannah environment.  

Using airborne LiDAR data to extract canopy height metrics and generating a digital 

elevation model was undertaken for GLAS footprints for which there was airborne 

LiDAR coverage (n=24). The results from the analysis of airborne estimates were used 

as a reference with field measurements for comparison and validation with canopy 

height estimates derived from GLAS footprints. Results of woody cover estimations 

utilizing the L-band ALOS-PALSAR data were used to evaluate the use of ICESat-

GLAS LiDAR data for estimating savannah woody cover utilizing an empirical model; 

and the woody cover map was used as a reference to compare and validate the results 

from both datasets.  

 

The comparisons between airborne LiDAR data, RADAR data and GLAS data are 

defined in detail, along with the methods, in Chapters 4 and 5, respectively. The results 

of the accuracy assessment are evaluated with respect to the field measurements for 

canopy heights and ancillary data of woody cover map for woody cover estimations. 

The broad methodology for achieving the five objectives is shown in the flow chart 

(Figure,3.11).  
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Figure 3.11: Flow chart summarizing the procedure employed in this research to characterize savannah vegetation structure. 
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3.4.2 GLAS analysis methodology 

In this section, the main topic of this study methodology is to describe 

systematically the full waveform ICESat-GLAS processing analysis. It aims to 

ascertain whether estimates of vegetation heights and woody cover can be extracted 

from large GLAS footprints satellite LiDAR data. The results of this methodology 

are used in comparison with field measured vegetation heights from coincident 

areas with airborne LiDAR and ALOS PALSAR data.  

 

3.4.2.1 GLAS data pre-processing 

ICESat-GLAS full waveform data obtained from the ICESat Science team (Zwally 

et al., 2008) for vegetation profiling were used in this study. Products needed are 

cloud-free profiles acquired during the laser L3j observation period; waveforms 

from GLA01 Global Altimetry Data Product; and geolocated footprint locations 

from GLA14 Global Land Surface Altimetry Data Product. The GLAS Visualizer 

and data conversion tool (NSIDC, 2007) was used with the IDL virtual machine 

and MATLAB to process and explore the waveforms, as well as to identify and 

extract parameters of interest. The sections below describe the GLAS data analysis 

tools, which were used to process the waveforms, and the steps used for preparation 

of data for waveform analysis.   

3.4.2.1.1 IDLreadGLAS tool 

IDLreadGLAS software was downloaded from NASA‟s ICESat CLAS data tool 

webpage <http://nsidc.org/data/icesat/tools.html>. This tool inputs the raw data that 

were ordered from NASA to generate and produce usable data, including unique 

number, shot number, shot time, number of samples, and uncompressed waveform 

values in volts (Seidel, 2005). These usable data will be used to process and explore 

the waveforms and to identify and extract parameters of interest.  

http://nsidc.org/data/icesat/tools.html
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3.4.2.1.2 NGAT tool 

The NSIDC GLAS Altimetry elevation extractor tool (NGAT) version 11 was also 

downloaded from <http://nsidc.org/data/icesat/tools.html>. This tool uses the 

GLA14 altimetry product which is distributed in binary format (*.DAT) and was 

converted to ASCII format to derive each shot‟s unique number, date and time and 

acquisition, latitude and longitude (in decimal degrees), elevation (meters), and 

geoid (which is defined as the height at which half the return energy is above and 

half below) (Ranson et al., 2004b). The latitude and longitude information for 

GLAS point locations were buffered to footprints using footprints information size 

for laser 3 (NSIDC, 2009).  

3.4.2.1.3 Data preparation for waveform analysis 

As it stated above, the use of the GLAS Visualizer tool was based on one freely 

available from <http://nsidc.org/data/icesat/tools.html> to process the waveforms. 

These main steps were performed: 

1- The first step is to convert the original GLA01 and GLA14 data files (which come 

in binary files) from NISDC into information that presented in an easy to use (i.e. 

Excel files) for further processing.  

2- The converted data files were than subset and modified; therefore, only data that 

fell within the study area remained for subsequent analysis. 

3- Since the elevation from GLA14 is for the footprint centre of the GLA01 

waveform, this step involved generating a common field between GLA01 and 

GLA14 data, so this will give common and corresponding information. Because of 

this process, each footprint data in the two data files would be linked by a common 

index number and a short number. 

http://nsidc.org/data/icesat/tools.html
http://nsidc.org/data/icesat/tools.html
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4- For every index number, a file with return waveforms in voltage converted from 

raw waveforms data was created. 

5- This step involves waveforms decomposition. At this fitting step, the waveform is 

modelled, defining some constraints such as maximum number of modes (Gaussian 

curves), minimum height of mode, minimum distance between modes, minimum 

width of mode, and maximum position of mode.  

 

The goal of pre-processing was to determine those waveforms that are suitable for 

identifying waveform parameters of interest.  Each modelled waveform (Figure 

3.12) had at least one mode that corresponded to the ground return; additional 

modes would therefore correspond to sub-canopy levels or sub-terrain returns at 

different elevations. The waveform extent is defined through a noise threshold, 

which will be used to determine the point of signal start and signal end and hence 

determine the waveform extent (Lefsky et al., 2005c). 

 

 

Figure 3.12: Examples of two different waveforms on different terrain relief.  These waveforms 

were modelled using the steps described in 3.2.1 
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3.4.2.2 Digital Terrain Models 
 

For comparing GLAS elevations with elevations from LiDAR airborne, digital 

terrain models of 3 m resolution were interpolated from GLAS point elevations 

(DTM_GLA14). The study sites that were covered with both GLAS and airborne 

LiDAR data were tested.  Since GLAS gives the mean elevation of the footprint, 3 

metres resolution for the DTM was selected so that their mean elevations within the 

incident beam could be easily worked out. Similarly, DTM from airborne LiDAR 

data were created and interpolated to produce digital terrain models (referred to as 

DTM_LiDAR), with the same spatial resolution for these test sites. Figure 3.13 

shows the digital terrain models of the test sites. The mean elevations within 

footprints were calculated from DTM and compared with DTM from the LiDAR 

airborne. Coefficient of correlation was used as indicator of goodness of fit. 

 
 

Figure 3.13: Comparison of GLAS elevation with digital terrain models from airborne LIDAR with 

spatial resolution of 3 metres. 
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3.4.2.3 Waveform processing 

 

This section forms the core of this study. It ascertains whether savannah vegetation 

structure parameters can be extracted from satellite LiDAR GLAS full waveforms. 

Waveform parameters for vegetation structure are compared with field-measured 

vegetation heights from coincident areas with airborne LiDAR data, and the ALOS 

PALSAR data in two separate study sites, which were both covered with GLAS 

spaceborne LiDAR data.  

 

Two methods that extract waveform parameters of interest for vegetation study are 

developed. The first one utilizes the parameters derived directly from GLAS 

products, mainly the Global Land Surface Altimetry Data Product (GLA14). The 

second one uses the parameters extracted from Global Altimetry Data Product 

(GLA01), using DEM to adjust the waveform extent, particularly in high relief 

areas. Calculations within this study were carried out using the statistical analysis 

program package R Version 2.9.0. The results of these methods are further 

developed within research discussion in the following chapters.   

 

3.4.2.3.1 Gaussian decomposition method/direct method 

The first method uses the parameters, which were extracted entirely from GLA14 

product for deriving vegetation height estimates using the parameters that 

structured the returned signal. The shape of the waveform varies according to the 

characteristics of intercepted surfaces and their spatial locations, taking into 

account the fact that the laser energy diminishes towards the footprint margins 

(Carabajal and Harding, 2001). However, in open and sparsely vegetated areas, the 

majority of signal returns may be anticipated to come  from the ground surface 

creating the greatest amplitude peak within the returned waveform; while in denser 
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canopies, the laser energy penetration is reduced resulting in a lower amplitude 

peak (Harding et al, 2001) (see Figure 3.14). GLAS products provide parameters 

that contain a Gaussian decomposition, particularly in GLA14.  The ICESat GLAS 

Visualizer software iteratively fits six Gaussian curves to the waveform. This was 

used to compare Gaussian parameters, so it is assumed that the largest amplitude of 

any fitted six Gaussian parameters corresponds to the ground, and the difference in 

elevation between the centroid of this Gaussian and the beginning of the waveform 

signal is the estimated maximum vegetation height (Rosette, 2009).  This equation 

was used to estimate maximum canopy height using the Gaussian decomposition 

method of GLAS parameters: 

                            H max =Hs- GP                    (3.3) 

Where H max= is the maximum canopy height estimated from GLAS data (m), Hs 

= the signal start (m), GP= ground peak (m) (the centroid of the greatest amplitude 

of Gaussian decomposition peak). 

 
 

Figure 3.14: Different raw waveforms with a dominant peak that were acquired over forest areas: the 

solid black line is the ICESat waveforms; the grey dots are the terrain surface; and the green dots are 

the vegetation. It is clear that the peak location along the vertical axis is presenting the ground peak 

well. The width of this peak contains information on surface slope and terrain roughness. In (a) The 

surface is rougher while in (b) The surface is partly sloped. As a result, the ground peaks have 

widened in (b) While the flat and smooth surfaces in (a) correspond to narrow last peaks (Duong, 

2010). 
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The waveform extent was estimated manually using the signal beginning 

(d_sigbegoff) and signal ending (d_sigendoff) from GLA14 product parameters to 

estimate maximum canopy heights: 

                             WE= d_sigbegoff – d_sigendoff                                        (3.4) 

Where: WE = the waveform extent, d_sigbegoff = signal beginning defined from 

GLA14, d_sigendoff = signal ending defined from GLA14.    

 

3.4.2.3.2 Terrain index/ statistical method 

The return GLAS waveform is typically characterised by multiple energy peaks 

caused by the reflection from ground surface and the objects (i.e. trees) above it. 

Theoretically, over flat and simple surfaces (Figure 3.15(a)), the return waveform 

can be modelled as a single Gaussian bell shape, which usually corresponds to the 

ground if enough energy penetrates through the surface objects. Hence, canopy 

height can be estimated directly and simply (Figure 3.15(b)) based on the vertical 

differences between the signal start, which is assumed to be the top of the canopy, 

and the lowest peak, which is the ground peak (Chen, 2010b; Duong et al., 2008). 

However, over vegetated sloped areas with large reliefs and more complex terrain, 

the return waveform depends on the location of the tree. Therefore, if the tree is 

located at the top of the slope, with respect to the footprint location, the ground 

peak has a larger width and less energy, compared to the ground peak for return 

waveform over flat areas (Figure 3.15(c)). In this case, the widening of the ground 

peak is mainly caused by the effect of the surface slope on the peak width. On the 

other hand, if the tree is located at the bottom of this slope (Figure 3.15 (d)), the 

separation between the surface slope and tree is somehow not clear. Methods for 



 

95 
 

extracting canopy heights should therefore carefully consider the effect of the slope 

and relief (Chen, 2010b; Duong, 2010). 

 
 

Figure 3.15: Structure of the returned waveform over flat areas (a, b) and sloped areas (c, d) (Duong, 

2010). 

 

 

This method was adapted from the work of Lefsky et al. (2005) and Rosette et al. 

(2009), which account for the effect of slope on the waveform structure. 

 

Calculating Terrain Index using airborne LiDAR data  

To consider the contribution of topographic relief on waveform shape, a terrain 

index was calculated for each footprint location (Lefsky et al., 2005a). Terrain 

index was defined as the difference between maximum and minimum elevation of 

airborne LiDAR within GLAS footprint (Chen, 2010b). This was applied in this 

study by calculating the terrain index (g) for each GLAS footprint as the difference 

in metres between the highest and lowest elevations contained within a 7x7 subset 

of the DEM generated from airborne LiDAR data, and applying equation modified 
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after Lefsky et al. (2005a) : 

                                H= b0*w - b1*g                    (3.5) 

Where H = GLAS Height (m), w = waveform Extent (m), g = Terrain Index (m), 

b1= the coefficient applied to the waveform extent, b0= the coefficient applied to 

the terrain index. This method offers a means of removing the effect of topographic 

relief from the waveform extent and hence estimating the vegetation height from 

the returned signal: 

                              H= w-g                    (3.6) 

Where  H = GLAS Height (m), w = waveform Extent (m), g = Terrain Index (m) 

 

Calculating Terrain Index using GLAS parameters  

Generally speaking, a laser full waveform altimetry system transmits a signal 

having either a bell shape or a slightly skewed shape with a sharp rise and a slow 

fall (Duong, 2010).The laser pulse of the ICESat system resembles a Gaussian 

function with a certain width, amplitude and mean value of peak location (see 

Figure 3.16 (Duong, 2010).  

 

Figure 3.16: Structure of the returned waveform as a Gaussian function used to describe the 

transmitted pulse with peak position tx, amplitude Ax, and width σx (Duong, 2010). 
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The ICESat processing software iteratively fits six Gaussian curves to the returned 

waveform. This Gaussian decomposition is provided within product GLA14. The 

six Gaussian peaks are parameterized by values reporting the shape of the peaks, 

which are the amplitude Ax , width σx and area under the Gaussian peaks (Duong, 

2010). As is described in Figure 15(c), a greater slope will broaden the ground 

peak; hence it will have a larger width compared to the ground peak in a flat area 

(Figures 15(a) and (b)). Additionally, the energy of the ground peak on sloped areas 

is less than the ground peak on flat areas (see Figure 3.16).   

To consider the effect of terrain on the waveform shape over sloped areas, it is 

assumed that the return waveform has a Gaussian shape with a larger width (σ) and 

less amplitude (A); hence, terrain index is considered to have the same effect as the 

waveform width (σ) on sloped areas. If it is assumed that the terrain index equals 

waveform width (σ), so it holds: 

                              g = 2σ                      (3.7) 

Where g = Terrain Index (m), σ = waveform width (m)  

The GLAS estimates heights can be calculated using the equation (3.5) after 

combining with equation (3.7) which results in equation (3.8): 

                    H = b0 * w - b1* (2* σ)                    (3.8) 

Where H = GLAS Height (m), w = waveform Extent (m), σ = waveform width (m), 

b1= the coefficient applied to the waveform extent, b0= the coefficient applied to 

the waveform width. 

 

This method is also adopted from Lefsky et al., (2005a), and offers a means of 

extracting GLAS height estimates from the Gaussian decomposition provided 

parameters with GLAS products. 
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3.5 Results 

3.5.1 Direct method using parameters of GLAS products 

This method used the parameters provided within GLAS products (GLA14 and 

GLA01) to estimate vegetation heights. These parameters involve the use of 

Gaussian peak positions 1 and 2 and their amplitudes to identify the ground return 

peak within the return signal, with the respect to the narrow width and large amount 

of returned energy within the returned signal. This method aims to employ the 

parameters of GLAS products to develop an algorithm to help to derive vegetation 

heights.   

 

GLA14 product has Gaussian decomposition parameters. Hence, estimates of 

vegetation height using these parameters in equation (3.3) and compared with field 

measurements of maximum vegetation height produce correlation with r of 0.39 

and RMSE 8.47 m and  (p-value > 0.05) not statistically significant for the entire 

selected GLAS footprints for the field collected data n=23. However, after 

classifying the GLAS footprints according to the terrain slope for flat and steep 

footprints and excluding the steep footprints that have > 45° from this relationship 

analysis, the results gave height correlation with r of 0.68 and RMSE 2.1m for 

n=12 and this improve the correlation coefficient and was statistically significant 

(p-value < 0.01). These results indicate the potential for estimating maximum 

vegetation height directly from returned satellite LiDAR signals using the 

parameters of GLA14 waveforms product. Figure 3.17 shows height estimates from 

GLA14 product parameters compared with field measurements of maximum 

canopy height for  all GLAS footprints n=23 and for the flat terrain GLAS 

footprints n=12 .  
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Figure 3.17: Scatterplots of the Pearson's correlation relationship between maximum canopy height 

estimates using GLAS parameters of Gaussian decomposition and the field measurements of 

maximum canopy height .The result gives a weak correlation when the comparison is done for the 

footprints without considering terrain classification (left graph), but the correlation improves when 

the comparison is done on just flat and moderate footprints (right graph). 

 

On the other hand, height estimates were also calculated from GLA01. As was 

explained earlier, raw waveforms have ambient system noise at the beginning and 

the end of the waveform signal. Therefore, the real signal of the waveform was 

identified by thresholding the raw waveforms. In this study, the threshold value 

(nv) for each raw waveform was individually determined to the mean background 

noise value estimated in the GLA01 product (GLAS product variable: 

d_4nsBgMean) plus 4 times the standard deviation of the background noise (GLAS 

product variable: d_4nsBgSDEV) (Lefsky et al., 2007), as it is described in this 

equation: 

nv= (d_4nsBgMean ) + 4*( d_4nsBgSDEV)                   (3.9) 

Where nv = Threshold level value, (d_4nsBgMean) = mean noise, (d_4nsBgSDEV)   

= noise standard deviation. 
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By determining that the noise threshold level value (nv) for the 544 bins 

corresponds to a height of 81.6 metres over land for each waveform individually, 

signal start and signal end locations were identified (Harding and Carabajal, 2005); 

and, to detect the ground peak location, the maximum amplitude was used as a 

reference. Hence, the peak with maximum amplitude was designated as the ground 

return (Figure 3.18).  

 

 
Figure 3.18: A processed GLAS waveform; the noise mean and standard deviation were estimated 

separately for tails at the two ends (Signal beginning and Signal end), from which thresholds were 

set (the ditched red line) and used to locate the signal beginning and end. The ground peak was 

determined where greatest sufficient energy is reflected from the ground. The Hmax is the distance 

between signal beginning and ground peak. 

 

Results of estimating vegetation height using GLA01 parameters in equation (3.3) 

and compared with field measurements of maximum vegetation height produce the 

heights correlation with r of 0.24 and RMSE 12.47m for all footprints with flat and 

steep terrain, the correlation was not significant (p-value >0.05) while the Pearson‟s 

correlation improved and was statistically significant (p-value <0.01) when using 

this method with footprints that have flat and simple terrain  r of 0.63 and RMSE 

2.47m (Figure 3.19). Comparison of maximum canopy heights derived from 
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GLA14 and GLA01 products gives r of 0.95 (Figure 3.20). This result indicates the 

potential of estimating maximum canopy height directly from GLAS products 

using characteristics of the waveform structure. 

 

Figure 3.19: Scatterplots of the Pearson's correlation relationship between maximum canopy height 

estimates using GLA01 parameters and field measurements of maximum canopy height .The result 

gives a weak correlation when the comparison is done for the footprints without considering terrain 

classification (left graph), but the correlation improves when the comparison is done on only flat and 

simple footprints (right graph). 

 
 

Figure 3.20: Scatterplots of the Pearson's correlation relationship between MCH estimates using 

GLA01waveform and MCH estimates using GLA14 parameters, most points which represent flat 

terrain of GLAS footprint for both estimated MCH of GLAS products fall close to the 1:1 line. 
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3.5.2 Statistical method/terrain index/waveform width 

This method aims to consider the effect of the slope on the waveform extent. Two 

methods of calculating the terrain index were applied. The first method generates 

terrain index from airborne LiDAR data. It is defined as the highest and lowest 

elevations contained within a 7x7 subset of the DEM generated from airborne 

LiDAR data as an indicator of slope effect on the waveform extent. Following the 

method of Lefsky et al. (2005), multiple regression was used with field 

measurements to assess the relationship between the waveform extent and terrain 

index. The multiple regression analysis was done twice to the steep footprints. The 

first one was done on 10 footprints (n=10) and it produces R² of 0.80, RMSE 12.49 

m.Both coefficients are statistically significant and the intercept was not significant. 

The resulting equation (3.10):  

H= -0.7899479*w + 4.095529*g                  (3.10)  

Where H = field height (m), w = waveform extent (m), g = terrain index (m), b1= 

the coefficient applied to the waveform extent, b0= the coefficient applied to the 

terrain index. 

 

The second one was done on eight footprints (n=8), after removing two footprints 

due to the location of the trees at the bottom of the sloped areas. The resulting 

equation (3.11) produces R² of 0.87 and RMSE 4.84mfor n=8. Both coefficients are 

statistically significant and the intercept was not significant. 

                           H= 1.4725603*w - 0.5374219*g                                    (3.11)  

 

To assess the improved relationship between the waveform extent and terrain index 

with field measurements, a plot with the predicted values of both equation (3.10) 
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and (3.11) was plotted vs. the observed values of the field measurements of 

maximum canopy heights (Figure 3.21). 

 

Figure 3:21: Relationship between measured field of maximum canopy heights and predicted values 

of maximum canopy height. The left graph shows the fitted values of equation (3.10) compared to 

field measurements of maximum canopy heights for n=10; while the right graph shows the fitted 

values of applying equation (3.11) after removing the two very steep GLAS footprints. The line 

shows the 1:1 relationship. 

 

The second method for calculating terrain index uses Gaussian decomposition 

parameters provided in GLA14. Again, following the method of Lefsky et al., 

(2005), multiple regression was used to assess the relationship between the 

waveform extent and waveform width (σ) as indicator of terrain index with field 

measurements. The resulting equation (3.12) produces R² of 0.70 and RMSE 

16.34m for the all steep footprints (n=10). Both coefficients are statistically 

significant and the intercept was not significant: 

H = 1.5948 * w – 0.5172* σ                    (3.12) 

The equation (3.12) was applied again after removing the two steep footprints, and 

resulted in improving the coefficient R² of 0.95 and RMSE 4.0m for  n=8, Both 

coefficients are statistically significant, the intercept was not significant :   
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                                   H = 0.8998 * w – 1.4161* σ                                      (3.13) 

Figure 3.22 shows the relationship between the predicted MCH using equations 

(3.12) and (3.13) vs. observed field measurements of MCH.   

 

Figure 3:22 Relationship between measured field of maximum canopy heights and predicted values 

of maximum canopy height. The left graph shows the fitted values of equation (3.12) which applied 

waveform width as an indicator of the effect of terrain on the GLAS waveform compared to field 

measurements of maximum canopy heights for n=10; while the right graph shows the fitted values 

of applying the same equation after removing the two very steep GLAS footprints. The line shows 

the 1:1 relationship. 

 

Figure 3.23 shows that the first method of using terrain index extracted from 

airborne LiDAR data as an indicator of the effect of slope on the GLAS height 

estimates is comparatively well correlated (Pearson‟s correlation r =0.80) with the 

second method, which used waveform width of Gaussian function from GLA14 

product.  
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Figure 3.23: A comparison of the two methods of using terrain index equation (3.10) and waveform 

width equation (3.12) for predicting GLAS of MCH. The line shows the 1:1 relationship. 

 

3.6 Discussion  

Vegetation height is one of the leading dimensions of ecological variations among 

tree species and is central to ecosystem functioning (Westoby et al., 2002; Moles et 

al., 2009). This study investigates the potential of the GLAS (Geoscience Laser 

Altimeter System) on board ICESat (Ice, Cloud, and land Elevation Satellite), for 

retrieving savannah vegetation height in Kruger National Park. 

 

GLAS data offer an unprecedented opportunity for canopy height retrieval at a 

regional to global scale. In addition, the data provide useful information for forest 

stand level assessment at coincident locations. In this section, height indices from 

spaceborne LiDAR waveforms were explored as a means of extracting canopy 

height; these were examined with reference to the field measurements of maximum 

canopy heights. 

 

Comparing the results of estimating maximum canopy heights using GLA14 
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parameters and GLA01 parameters have shown significant correlation coefficient 

(p-value <0.001), r of 0.95 and RMSE 2.1m. However, it is also shows an 

overestimation of vegetation height from GLAS waveform structure A likely 

explanation may involve the nature of Savannah environment, which is 

considerably sparse and has more open vegetation canopies; therefore, the majority 

of returns may be anticipated from the ground, and hence there is a misplacement 

of signal`s start (Rossetti et al., 2010). 

 

The two methods of using parameters of GLAS14 and GLA01 products for flat 

footprints (5º-15º) give correlation coefficient  r = 0.68 and r = 0.63 respectively. 

This result indicates the potential of estimating maximum canopy height directly 

from GLAS products using characteristics of the waveform structure. The direct 

method avoids the necessity of using ancillary datasets, and so it is suitable where 

relief and topographic data are not available for just the flat and simple terrain. 

 

Besides the direct methods, the statistical regression method has been developed to 

predict canopy height with waveform metrics. The regression models typically 

include waveform extent and terrain index interpolated from DEMs airborne 

LiDAR (Lefsky et al., 2005a; Rosette et al., 2008a; 2008b), and waveform width 

(σ) extracted from GLA01 product for Gaussian function as an indicator of the 

effect of slope on the terrain. This method is more appropriate for the sloped 

footprints > 45º.  

 

Slope within footprint is anticipated to most influence height estimations, which 

identify the ground surface using the shape of the returned waveform. Where 



 

107 
 

relatively dense vegetation is located at the top of steep slopes, there is a greater 

likelihood for the returned signal from ground and canopy surfaces to be combined 

within the waveform. This may increase the possibility of wrongly estimated 

results. Moreover, if the vegetation is located at the bottom of these steep slopes, 

the separation between the surface slope and tree is not clear and leads to possibility 

of wrongly identifying the Gaussian peak relating to the ground surface. For 

savannah vegetation in KNP where the within-footprint terrain index ranged from 

1.5 m to 15 m, with a mean difference of 6.2 m, this rarely prevented the presence 

of a distinct ground peak. However, the method of estimating vegetation height 

using waveform extent and terrain index/waveform width (σ) could avoid this 

potential difficulty. Most importantly, the effect of terrain slope can be estimated 

using waveform width (σ) as indicator of terrain index, which can be extracted 

directly from GLAS parameters as an indicator of the effect of slope on the shape 

of the waveform. This indicates that the potential of using waveform width (σ) as a 

good indicator of the effect of topography and slope on vegetation height estimates 

from GLAS without the need of additional ancillary data such airborne LiDAR 

data.  

 

The statistical method does not rely on a clear ground signal being distinguished, as 

it only requires the waveform limits to be determined (the first and last return 

LiDAR). However, accuracy of these indices is most sensitive to local conditions, 

as vegetation structure will influence the ability to assign the beginning of the 

waveform to the elevation of the highest vegetation, and multiple scattering will 

extend the waveform tail. 

 



 

108 
 

Results of the statistical method compare favourably with those of Lefsky et al., 

(2005a) in which maximum R² value achieved was 0.87 and lowest RMSE was 

4.85m. It should be noted that it is not possible to draw direct conclusions by 

comparing results of savannah vegetation of Kruger National Park and findings in 

the above paper due to differences in slope and vegetation height. Field 

measurements undertaken in Lefsky‟s study are coincident with GLAS footprints; 

however; the method differs from that undertaken in this research. 

 

Of the 10 footprints considered for sloped areas, the difference between Waveform 

Extent and Terrain Index resulted in a negative value. This ranged from -0.3 to -

39.25m, the latter of which occurred at a site used for field measurements and 

represents a hilly steep slope with dense vegetation. A number of sources of error 

are possible: algorithm misidentification of signal beginning and signal end, error 

in footprint location, discrepancy between the DTM subset used to calculate terrain 

index and the ellipsoidal footprint dimensions, or the effect of diminishing laser 

energy distribution towards the edge of the footprint resulting in less effect of 

extremes of slope in this region of footprints. 

 

The RMSE of ~2.1- 16.34m found for vegetation height during this research 

suggests that estimates from GLAS waveforms may be insensitive to topography 

conditions. However, more concern and suggestions are required for estimating 

vegetation heights for the very steep slope footprints, with respect to the location of 

vegetation at the bottom of these sloped footprints.  
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3.7 Summary  

This chapter has introduced the data sets which describe the study site, data 

sources, protocol of fieldwork measurements, and the methodology that have been 

used in this investigation. The chapter also has explored the use of the ICESat-

GLAS satellite LiDAR for vegetation height retrieval over savannah vegetation of 

varied relief. The use of terrain index and waveform width to adjust the waveform 

extent provided the least dispersed estimates of canopy height for the steep slope 

footprints when compared with field height measurements at footprint locations.  

 

Moreover, waveform width presents a good indicator of the effect of topography 

and slope on the waveform extent (R² of 0.87 and RMSE 4.84m for the sloped areas 

n=8); hence GLAS height estimates can be directly retrieved through statistical 

methods using only GLAS Gaussian function parameters without the need to use 

other ancillary data such as DEMs airborne LiDAR data.   

 

Maximum canopy height estimates using a direct approach to ground identification 

based on iterative fitting of Gaussian peaks in GLA14 or GLA01 parameters results 

in a correlation coefficient  r of 0.68 and RMSE 2.1m, and r of 0.63 and RMSE 

2.47m respectively, when compared with field measurements. The results suggest 

that maximum canopy height estimates from ICESat-GLAS can provide a reliable 

indicator of actual canopy height for savannah vegetation with flat relief. 

 

Contributions to the error in waveform estimates of vegetation height estimates 

using large footprint satellite LiDAR are formed by complex interactions including 

vegetation stature, upper canopy surface roughness, canopy cover, and slope and 
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species heterogeneity. Greater understanding is needed of the effects of topography 

and canopy properties on waveform composition.  

 

This chapter aimed to determine whether the signal representing vegetation could 

be identified within waveforms returned from the broad dimensions of GLAS 

footprints. The study has presented two straightforward, repeatable methods for 

reliably extracting maximum vegetation height estimates for savannah vegetation. 

 

The following chapters further apply these methods to develop potential approaches 

for retrieving vegetation structure of savannah (vegetation height and woody cover) 

and comparing the results with the described airborne LiDAR data and RADAR 

(ALOS PALSAR in order to evaluate the accuracy and the precision of estimating 

vegetation structure obtained from using ICESat-GLAS large footprint waveform. 
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CHAPTER FOUR 

 
COMPARISON OF BIOPHYSICAL PARAMETER RETRIEVAL 

OF SAVANNAH VEGETATION FROM AIRBORNE AND GLAS 

SPACEBORNE LIDAR 
 

 

4.1 Introduction 

LiDAR remote sensing provides an accurate and efficient means of estimating and 

monitoring vegetation structural properties. It has the potential to measure direct 

three-dimensional structure of vegetation surface including tree height, volume and 

biomass, and also ground surface (Lefskey et al., 2002a; 2002b; Popescu et al., 

2011).  

 

While LiDAR from the two platforms (airborne and spaceborne) has been intensely 

researched in forestry applications and has been shown to be a promising tool for 

providing reliable information about return ground elevation and forest estimation 

parameters (i.e. Næsset and Bjerknes, 2001, Hyyppä et al., 2001; Coops et al., 

2004; Holmgren et al., 2003; Holmgren and  Persson, 2004; Lim et al., 2003; 

Popescu et al., 2002; 2003; Hall et al., 2005; Lefsky et al., 2005;  Chen et al., 2006; 

Lefsky et al., 2007; Duong et al., 2008; Pang et al., 2008; Popescu and Zhao, 2008; 

Roberts et al., 2005; Nelson et al., 2009; Neuenschwander et al., 2008; Rosette et 

al., 2008a; 2008b;  Sun et al., 2008; Zhao and Popescu, 2009; Duncanson et al., 

2010; Chen, 2010b ; Popescu et al., 2011), it has experienced limited use in 

savannah environment systems; however, there are few studies using airborne 

LiDAR data to show its reliability in these complex and sparsely vegetated systems 

(i.e., Chen et al., 2006; Levick and Rogers, 2008; Wu et al., 2009).  Moreover, the 

full waveform spaceborne satellite LiDAR data, namely, the Geoscience Laser 
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Altimeter System (GLAS) aboard the Ice Cloud and land Elevation Satellite 

(ICESat), has not been explored yet in savannah systems, although it has 

successfully demonstrated its capabilities for estimating forest canopy heights and 

biomass in several studies (i.e., Harding and Carabajal, 2005; Lefsky et al., 2007; 

Rosette et al., 2008; Boudreau et al., 2008; Lefsky et al., 2005a; Nelson et al., 

2009).  

 

This chapter will evaluate the capability of satellite LiDAR data to be used in 

savannah environments by comparing it with airborne LiDAR data measurements 

for estimating vegetation heights and other vegetation structure parameters. 

Furthermore, the facilities offered by the discrete return airborne LiDAR data for 

vegetation structural properties have been explored and evaluated against field data, 

and also for evaluating the surface elevation.  

 

4.2 Methodology 

Exploring satellite LiDAR large full waveform data for savannah vegetation 

structural parameters retrieval is justified based on previous work using airborne 

LiDAR data. An overview of the two systems is provided in Chapter 3, where the 

method of processing satellite GLAS LiDAR data is also presented.      

 

The aim of this chapter‟s methodology is to process and analyse airborne LiDAR 

data for retrieving savannah vegetation structural parameters, and compare the 

results with a developed methods of estimating savannah vegetation structural 

parameters from satellite LiDAR and field measurements.  
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4.2.1 Study site and data 

As explained in section 3.2, the study area is Kruger National Park, located in 

South Africa (Figure 4.1). It is one of the largest protected areas in Africa (19,485 

km²). Various habitats and ecological regions exist within the boundary of the 

Kruger, with at least 16 recognized „ecozones‟, each one characterized by specific 

vegetation, geology, soils, rainfall rate, and temperature (Gillson and Duffin, 2007). 

 
 

Figure 4.1: The location of GLAS footprints which overlap with airborne LiDAR data tiles and were 

selected for field data collection. The selected study area is located in the granite landscape in KNP 

(the gray shading area). 
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4.2.1.1 GLAS data  

Two data products of release 29 GLAS were used in this study: Level 1A Global 

Altimetry data (GLA01), and Level 2 Global Land Surface Altimetry data 

(GLA14).  As described in section 3.2.4, GLA01 is a level 1A data product which 

contains granules that have raw LiDAR waveform in digitizer counts which are 

afterwards converted to volts (by users). GLA01 contains the transmitted and 

received echo waveforms. This product has variables such as the filter threshold 

value for signal detection in digitizer counts, laser transmitter energy, received 

energy from all signals above threshold, sampled transmit pulse waveform, 4ns 

background mean value, and standard deviation (Brenner et al., 2003). 

 

GLA14 is a level 2 data which contains sensor position and pointing information as 

well as calculated footprint position, size and shape, and land surface elevation. 

Transmit pulse and recorded waveforms are represented with characteristic shape 

parameters only. The recorded waveform is decomposed into a series of Gaussian 

peaks, as described in Zwally et al. (2002) and Brenner et al. (2003). 

 

4.2.1.2 Airborne LiDAR data  

The discrete return airborne LiDAR dataset was acquired during the period 24 

August- 9 September 2004 for the University of Witwatersrand (WITS) by 

Airborne Laser Solutions, South Africa. An ALTM 1225 (Optech, Canada) sensor 

with an operational frequency of 25 kHz was used. Average height of the fixed-

wing aircraft housing the sensor was 500 m above ground level, and 15 cm vertical 

accuracy was achieved. Raw processing was conducted by ALS in Microstation 

SE/JTM (Bentley Systems) with the TerraModelerTM, TerraScanTM and 

TerraPhotoTM add-ons (Terrasolid). 
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Subsets of airborne LiDAR data were created using a radius of 35 m for each 

geolocated ICESat/GLAS footprint position. The analysis of airborne LiDAR 

indicates that the topography over the GLAS footprints for the selected overlapped 

footprints is classified to flat terrain with low and moderate slope (0⁰-30⁰) and steep 

slope (> 30⁰).  

 

4.2.1.3 Field data  

The entire selected GLAS footprints for field data collection are located in the 

granitic areas. The criteria for selecting the field data were based on the overlap 

between spaceborne LiDAR data and airborne LiDAR data. Thirty-one GLAS 

footprints were sampled for canopy height estimation. Further, out of these 31 

identified plots, 22 fell in the airborne LiDAR tiles. Along with any fieldwork 

comes the issue of inaccessibility. Two footprints fell on the riverbank area; 

however, in the remaining 29 footprints, canopy heights were recorded. Fieldwork 

was conducted in August 2010. The aim of the fieldwork was to make 

measurements of canopy height within the selected sampled footprints to provide 

comparisons with estimates from both platforms: airborne and satellite LiDAR 

estimates.  

 

4.2.2 Data processing  

The basic idea of the data analysis and the expected outcomes was presented in 

section 3.4.1. This chapter presents a comprehensive description of the airborne 

LiDAR processing steps that have been carried out, and compares the outcomes 

with results obtained from developed methods for estimating vegetation structural 

parameters from satellite LiDAR, in order to achieve the final results. It includes 
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the processing of airborne LiDAR data as well as the data analysis of methods 

applied for estimating vegetation structural metrics from satellite LiDAR data. 

 

The outline is structured in accordance with the two main data sources as well as 

their comparative analysis with field measurements. Firstly, the processing of 

discrete airborne LiDAR data for extracting digital surface model, digital elevation 

model, and vegetation height estimations is presented. In the last section, the 

comparative analysis between both datasets and field measurements is described. 

Secondly, the developed methods of processing the GLAS full waveform, which 

were explained in section 3.4.2.3, will be shown. 

 

4.2.2.1 Airborne LiDAR processing  

Discrete return LiDAR data were acquired for the study area on 24 August and 9 

September 2004 with an average high density of 2 points/m² and with average point 

spacing of approximately 1 metre. Analysis was carried out for GLAS footprints 

which have overlapping footprints with airborne LiDAR data (n=22). As mentioned 

above, this excluded footprints which fell in the river area. The raw airborne 

LiDAR data were provided in LAS format. It is necessary to filter the LiDAR 

returns to provide accurate digital representations of terrain and canopy height. 

eCognition Developer 8  software was used to separate airborne LiDAR data to first 

and last returns in LAS format, which used ArcMap™ 9.3.1 to create the DSM and 

DEM. 

 

The literature review on airborne scanning LiDAR in Chapter 3 shows that discrete 

small footprint airborne LiDAR provides the best measurement accuracy of terrain 

elevation and vegetation heights. In this study, airborne LiDAR hits were classified 
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as vegetation and ground hits; and hence, a digital surface model (DSM) and a 

digital elevation model were generated. These data were also used to calculate 

terrain slope for each GLAS footprint. The canopy height model was calculated as 

the difference between DSM and DEM. Observations with height values less than 1 

metre were excluded from the dataset in order to eliminate the effect of grasses and 

understory vegetation. 

 

The airborne LiDAR data were processed using eCognition Developer 8 and ESRI 

ArcMAP™ 9.3.1 to generate DSMs and DEMs; and hence extract vegetation height 

stand density, and percent cover or canopy closure estimates. 

 

4.2.2.1.1 Mapping terrain topography (Digital elevation model (DEM) and 

Digital surface model (DSM)) 
 
Characterizing the terrain elevation and creation DEM is a crucial step that needs to 

be accomplished before attempting to estimate vegetation parameters. One of the 

major advantages that LiDAR offers is the capability to measure ground elevation 

in vegetated areas (Means et al., 2000). Some LiDAR hits penetrate gaps in the 

canopy and hit lower layers of vegetation or ground. These returned hits are 

assumed to correspond to the ground surface and are used with appropriate 

interpolation methods to derive a high accuracy digital elevation model (Popescu et 

al., 2002). The work of Lam (1983) presents a comprehensive review of spatial 

interpolation methods, which are categorised as a real and point interpolation 

methods. For point interpolation techniques, exact and approximate methods are 

used, depending on whether original sample point values are able to be reserved. 

Approximate methods include Fourier models, power-series, trend models, least-

squares fitted with splines, and distance-weighted least squares. Exact methods 
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include Distance-Weighting, Spline interpolation, Kriging, Finite-difference, and 

Interpolating Polynomials methods. However, previous studies that attempted to 

generate DEM with airborne LiDAR data preferred to use exact interpolation 

techniques in order to preserve the original raw LiDAR data values (Liu, 2008).                     

 

In order to create a DEM from raw LiDAR data; firstly, LiDAR point clouds are 

loaded and pre-classified into non-ground (first return) and ground (last return) 

points using eCognition Developer 8 software. The DEM was generated by 

selecting the minimum elevation points from the first LiDAR returns dataset within 

a 1x1 metre cell representing the size of one pixel. Similarly, the same processing 

steps were applied to produce DSM by selecting the maximum elevation values 

within a 1x1 metre cell. Secondly, to perform the terrain analysis on the created 

ground surface and ground points, the first and last returns were converted to shape 

files format in ArcMAP™ 9.3.1, and then LiDAR analysis tools were used to create 

ground surface and canopy surface, and the ArcMap 3D analyst extension tool was 

used to produce a DEM and DSM rasterized and raster slopes for the selected 

GLAS footprints.  

4.2.2.1.2 Canopy Height Model (CHM) 

The tree canopy height model was created by subtracting the DSM from the DEM 

values. Tree height values then could be extracted from the canopy height model 

generated for each GLAS footprint.  

4.2.2.1.3 Stand density 

The number of trees with maxima points in each 1 m pixel is counted and a value 

for the stand density is assigned to the pixel. The total maxima within one GLAS 

footprint is an indicator of the number of stems per GLAS plot. In this study, the 
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stand density is presented in a raster with a range value between 0.0 and 1.0. in this 

case, dense vegetation is represented by a value of 1 and no vegetation is 

represented by 0 value. Thus, stand density is represented by vegetation returns at 

height >5m divided by the total returns.   

4.2.2.1.4 Percentage of crown canopy cover  

McGaughey (2007) defines the value for this metric as “the number of returns over 

a specified height threshold divided by the total number of returns within each 

cell”. To compute this metric, the raw LiDAR point cloud and DSM are used to 

estimate the crown canopy cover in each cell size. The cell size and the surface 

height are specified by the user. In this analysis, 2 metres is used as the height 

surface parameter to estimate percent cover of the tree canopy.  

 

4.2.2.2 GLAS data processing 

The methods described in the previous chapter were used to estimate vegetation 

structural metrics, vegetation heights, stand density, and crown canopy 

overestimates.  

The estimation of GLAS waveform parameters in this study is based on the work of 

Duong (2010), which describes how to extract parameters of signal GLAS full 

waveform, and its physical explanation regarding vegetation environment. The 

waveform parameters used in this study to estimate the above savannah vegetation 

structural metrics from GLAS waveform are the waveform extent (w), which is 

defined as the distance between the start and end of the waveform; ground return 

energy (eGround), which is the total intensity of the last peak; canopy return energy 

(eCanopy), which is the difference between return waveform energy and ground 
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return energy; and return waveform energy, which is the received energy below the 

curve of the start and end waveform (eEcho).   

4.2.2.2.1 Vegetation height    

Maximum vegetation height estimates are calculated using the direct and statistical 

methods described in the previous chapter. These methods take into account the 

effect of topographic on waveform extent (w). 

 

4.2.2.2.2 Stand density  

The concept of Gaussian decomposition was used to estimate the stand density, 

which can be estimated from GLAS waveform parameters by calculating three 

parameters, canopy return energy (eCanopy), return waveform energy (eEcho), and 

the LiDAR height (LH) for each GLAS plot (Nilsson, 1996; Drake et al., 2002) 

using the equation below which represents the stand density as a value between 0 

and 1 where value of 0 indicates no return energy from the vegetation and value of 

1 indicates high vegetation returns and thus dense vegetation  : 

4.2.2.2.3 Crown canopy cover 

Again, depending on the Gaussian fitting concept applied to GLAS waveform, the 

measure of crown canopy cover utilizes canopy return ratio parameter (rCanopy), 

which is calculated by dividing the canopy return energy (eCanopy) by return 

waveform energy (eEcho) (Harding and Carabajal, 2005).   

 

 

 

 

Stand density  D = 
eCanopy-LH

eEcho
 

                                 

                                              (4.1) 
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4.3 Results and discussion  

4.3.1 Mapping terrain topography 

- Digital Elevation Model (DEM) 

The DEMs created using airborne LiDAR data for the selected GLAS footprints are 

shown below in Figure (4.2).  

 

Figure 4.2: Digital Elevation Model (DEM) extracted from airborne LiDAR points clouds for the 

overlapped GLAS footprints with airborne LiDAR data of the test site. 
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Results of correlation between the waveform extents detected from GLAS satellite 

LiDAR (GLA14 and GLA01) on the ground surface and the coincident airborne 

LiDAR mean elevation for each GLAS footprint demonstrated a close correlation, 

producing r of 0.86 and 0.80 with RMSE of 2.16m and 2.50m respectively, and  p-

value < 0.001 statistically significant for both correlations  (Figure 4.3).  

 

 

Figure 4.3: The relationship between estimates of surface elevation using airborne LiDAR data (the 

difference between the maximum and minimum detected elevation) and waveform extents extracted 

from GLA14(left graph) and GLA01(right graph) for the satellite LiDAR data for the 38 GLAS 

footprints overlapped with airborne LiDAR data. 

 

Figure 4.4 shows estimation of within footprint mean ground elevation using 

LiDAR airborne data, and ICESat-GLAS estimated ground surface using GLA14 

and GLA01 product. Estimates can be seen to correspond closely throughout the 

pass with maximum difference of 2.5 m and minimum difference of 0.3 m.     
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Figure 4.4: Comparison of ground elevation using GLA14 elevation product and estimations of 

mean elevation of airborne LiDAR ground for the selected GLAS footprints. 

 

It is important to identify the elevation of the ground surface in order to obtain 

accurate estimates of vegetation height. Therefore, it is important to assess the 

methods used in this research to identify ground elevation in order to ascertain 

sources of errors within estimates.   

 

The use of direct method of utilizing waveform structure parameters to identify 

ground surface has resulted in acceptable ground elevation estimates from LiDAR 

airborne data. The direct method relies on using the waveform structure parameters 

(width and amplitude) to identify ground surface signal.  

 

The distribution of error found in airborne LiDAR data in relation to surface 

elevation extracted from waveform structure is illustrated in Figure 4.5, and 

statistical relationships are presented in Table 4.1.   
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Figure.4.5: Distribution of errors in estimates of the ground surface elevation using ground 

elevation differences extracted from GLAS waveform structure and airborne LiDAR mean 

elevation surface extracted for each overlapped GLAS footprint. 

 

 

Both methods of extracting elevation ground from GLA01 and GLA14 products 

underestimated mean ground elevations of airborne LiDAR estimates of surface 

elevation by - 4.34m and - 3.68m respectively.  This could be to the differences in 

the ellipsoid characteristic used by the airborne LiDAR sensor and the ellipsoid 

used by the ICESat-GLAS elevations product.     

 

When compared with airborne LiDAR ground surface, it is recognised that mean 

slopes from airborne LiDAR data calculated for each GLAS footprint explained 

80% and 69% of the percentage error using GLA01 and GLA14 estimates of 

ground elevation surface differences. This suggests that using a statistical method 
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of waveform extent has succeeded in removing the effect of terrain as a source of 

error in calculating vegetation heights.  

 

Table 4.1:  Comparison of estimated ground surfaces using airborne and satellite GLAS LiDAR 

data. 

 

Comparison Elevation airborne 

LiDAR-Elevation GLA14 

(m) 

Elevation airborne 

LiDAR-Elevation GLA01 

(m) 

Mean offset -3.68 -4.34 

Min differences -8.25 -9.29 

Max differences 1.80 1.02 

Standard Deviation 2.17 2.53 

 

- Digital Surface Model (DSM) 

The digital surface model was generated from the first pulse data of the airborne 

LiDAR data (Figure 4.6). Typically, the DSM contains the returns from canopy 

surface. Hence, canopy height model (CHM) is calculated by subtracting DSM 

from DEM.      
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Figure 4.6:  Digital surface model extracted from airborne LiDAR data for the selected footprint. 

The darker brown refers to the highest LiDAR returns, and the light brown indicates very low 

returns from the vegetation surface. 

 

4.3.2 Vegetation structure parameter estimates from airborne LiDAR  

- Canopy Height Model (CHM) 

Ground and surface returns were interpolated as above to form a digital elevation 

model (DEM) and a digital surface model (DSM) with 1-m raster grid cell size. The 

vegetation CHM was to obtain by subtracting the DEM from the DSM. The LiDAR 

CHM represents a canopy height range from 0.0 to 23.5m (Figure 4.7), with an 

average height of 8.5 m and a standard deviation of 4.2 m over the entire selected 

GLAS footprints.  
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Figure 4.7: The canopy height model CHM was determined using LiDAR by calculating the 

difference between the first return elevations (canopy height) from the last return (ground elevation). 

The red colour indicates the highest trees (more than 10 m) and the green colour refers to the lowest 

vegetation heights (less than 1m) 

 

- Stand density 

Figure 4.8 shows estimations of stand density for all vegetated footprints across the 

study site within footprints using airborne LiDAR points. The map below (Figure 

4.8) provides a measure of the relative difference in stem densities between 

savannah species types. Using the created CHM, a stem density is created per pixel 

that is more than or equal to 5 metres in height.   
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Figure 4.8: Stem density map. The darker green represents high stem density, and darker brown 

represents lower stem density. 

 

 

- Percent cover  

The percent cover estimations shown in Figure 4.9 provide an indication of the 

amount of crown canopy cover and the distribution of canopy gaps, depending on 

the amount of returned LiDAR points from the canopy surface.  The map represent 

the woody cover percentages, which ranged from 70% (closed woodlands savannah 
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canopies) down to less than 1% (open sparse grasslands); significant areas with less 

than 40% woody cover were consistently present on the map. 

 
 

Figure 4.9: The percentage of woody cover extracted from DSM and height >2 m. 
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4.3.3 Comparison of vegetation structure parameter estimates from 

spaceborne LiDAR with airborne LiDAR data 

 

The study describes here the outcomes of using methods of estimating vegetation 

structure from GLAS waveforms presented in the previous chapter and compares 

them with vegetation structure estimates from airborne LiDAR data. 

- Vegetation height   

Vegetation height is an important vegetation parameter for leading dimensions of 

ecological variations amongst tree species (Westtoby et al., 2002); it can provide 

information relating to vegetation structure such as stand density and biomass 

(McInerney  et al., 2010).   

 

The objectives of this comparison are to evaluate the use of ICESat-GLAS data to 

estimate vegetation structure in savannah environment, and to develop reliable 

methods for estimating vegetation height, stand density, crown canopy cover and 

biomass that can be applied to regional and national scales. 

 

Figure 4.10 shows canopy height estimates from airborne LiDAR data compared 

with those estimates from GLAS waveforms using both methods - the direct and 

statistical methods of GLAS waveform processing.   

 

An analysis of the relationship between airborne LiDAR and GLAS estimations of 

maximum canopy height using GLA01 and GLA14 parameters produced 

correlation coefficient r of 0.68 and 0.71 and RMSE of 2.67m and 2.58m 

respectively for n=38. Both correlations are statistically significant (p-value < 

0.001).  

http://www.scopus.com/search/submit/author.url?author=McInerney+D.O.&origin=resultslist&authorId=16033285500
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Figure 4.10: Relationship between estimated maximum canopy height from airborne LiDAR and 

estimates of maximum canopy heights from GLA01 and GLA14 products. 

 

Figure 4.10 shows that MCH estimates (n=38) from GLA14 and GLA01 using 

direct method, which employs parameters extracted from both products based on 

the Gaussian decomposition analysis method, explained a close correlation 

relationship with airborne LiDAR estimates with r of 0.71 and 0.68 for GLA14 and 

GLA01 respectively. This demonstrates that, despite the effect of terrain 

topography, satellite LiDAR waveforms and coincident airborne LiDAR data can 

be seen to give similar estimations of maximum vegetation height. However, it is 

well known that airborne LiDAR data have been widely used and accepted in forest 

applications; therefore, the results found between both systems suggest prospects 

for future practical applications for satellite LiDAR remote sensing in savannah 

vegetation profiles. 
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However, the analysis of airborne LiDAR data indicates that the topography over 

the GLAS footprints for the study area is generally flat to moderated relief with 

areas of steep slopes. The average mean slope is around of 17 degrees. Slopes have 

effects on the shape of the waveforms and hence the waveform extent and shape. 

Increasing surface slope results in larger width of the ground peak with less ground 

energy (Duong, 2010). Therefore, it is important to incorporate this important effect 

to obtain accurate estimation of vegetation height from GLAS waveform. 

 

The terrain slopes were classified into 4 categorises of 0-15º (flat), 15-30º 

(moderate), 30-45º (steep), and > 45 very steep. As a result of this classification, 18 

GLAS footprints fall in the flat class, 12 GLAS footprints are located in moderate 

slope areas, while 8 footprints fall in a steep slope areas. 

 

In order to evaluate the use of the direct method of estimating maximum vegetation 

height from the classified GLAS waveform according to their terrain slopes, 

comparisons between height estimates from airborne LiDAR and estimations of 

maximum vegetation heights using direct methods for the classified GLAS 

footprints are shown in Figure 4.11. It was recognised that estimations of 

vegetation height over a flat surface using the direct method of applying equation 

(4.2) or (4.3) for GLA14 and GLA01 parameters produced improved results on the 

flat footprints, using GLA01 parameters in equation (4.2) produced r =0.71 with 

RMSE of 2.86m  and  p-value < 0.001when compared with MCH estimates from 

airborne LiDAR data; and using GLA14 parameters in the same equation (4.2) gave 

r of 0.68 and RMSE= 2.32m and p-value < 0.001 when also compared with those 

estimates from airborne LiDAR data: 
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Where H max= is the maximum canopy height estimated from GLAS data (m), Hs 

= the signal start (m), GP= ground peak (m) (the centroid of the greatest amplitude 

of Gaussian decomposition peak). 

 

Moreover, using the direct method of applying equation (4.3) produced correlation 

coefficient r = 0.86, RMSE= 1.50m and the correlation was statistically significant 

(p-value < 0.001) for applying GLA14 parameters and compared with MCH 

estimates from airborne LiDAR data. Applying the same equation (4.3) also on 

GLA01 parameters gave r = 0.89 and RMSE = 1.32m and the correlation was 

statistically significant (p-value < 0.001 when compared with those predicted from 

airborne LiDAR data.  

WE= d_sigbegoff – d_sigendoff                    (4.3) 

Where 

WE = the waveform extent, d_sigbegoff = signal beginning, d_sigendoff = signal 

ending.      

 

For vegetation height over moderate surface with moderate uplands and lowlands, 

the equations (4.2) and (4.3) of direct method produced r value of 0.70 and r of 

0.64 with RMSE of 2.61m and 2.79m respectively and both correlations are 

statistically significant ( p-value  < 0.001), while the lowest r results were obtained 

from the steep slope footprints with r value of 0.55 and r 0.48 with RMSE of 3.01m 

and 3.19m  respectively, and both  correlations are not statistically significant (p-

value > 0.05) (Figure 4.11). The results in Figure 4.11 show acceptable estimations 

of MCH that could be achieved using the direct method of estimating MCH from 

H max =Hs- GP                   (4.2) 
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GLAS waveform matrices using Gaussian decomposition or direct method. 

Therefore, there is no need to apply the statistical method here due to the similar 

results that could be achieved to estimate MCH from both airborne sensors and 

satellite LiDAR systems. 

 
 

 

Figure 4.11: Comparisons of airborne LiDAR estimates MCH with GLAS MCH estimates using the 

direct method of applying equation (4.2) for GLA01 parameters and equation (4.3) for GLA14 

parameters. These comparisons were done for the classified GLAS footprints according to their 

slope classes.  
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- Stand density  

Three waveform metrics were derived from GLA01 waveforms to estimate stand 

density for each GLAS footprint: LiDAR height (LH), which was calculated using 

the first and the last Gaussian peak in the GLAS waveform; mean canopy energy 

(eCanopy); and return waveform energy (eEcho) (Nilsson, 1996; Drake et al., 

2002).  Stand density calculated from each GLAS footprint (n= 38) using volume-

related parameters (illustrated above) was found to have a significant relationship 

with stand density volume extracted from LiDAR airborne data, which produced r 

value of 0.95 and RMSE of 0.98 %, the correlation was statistically significant (p-

value < 0.001) (Figure 4.12).  

 

 

Figure 4.12: The relationship between stand density estimates of airborne and satellite LiDAR data. 

The Pearson correlation shows a strong relationship between estimates of both systems. 

 

 

Although there is no difference between the mean of estimated stand density using 

airborne LiDAR data and the mean of estimated stand density using spaceborne 

LiDAR data, the high bias of 0.8 exists due to the time differences between the two 

sensor systems; and, most important, is that the bias occurred in the steep slope 

terrain with high vegetation. However, these results suggest that spaceborne laser 
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must be considered of potential value for vegetation structure estimations for 

savannah ecosystems. 

 

- Crown canopy cover 

Depending on the Gaussian fitting concept applied to GLAS waveform, the 

measure of crown canopy cover utilizes canopy return ratio parameter (rCanopy), 

which is calculated by dividing the canopy return energy (eCanopy) by the return 

waveform energy (eEcho) (Carabajal and Harding, 2005). The results compared to 

those estimates of airborne LiDAR data. The relationship produced r value of 0.94 

and RMSE of 10.04 %, the correlation relationship was statistically significant (p-

value < 0.001) (Figure 4.13).  

 

Figure 4.13: The relationship between percent cover estimates of airborne and satellite LiDAR data.  

it is quite obvious that airborne and GLAS percent cover estimates are highly correlated with  (r =  

0.94, p-value < 0.001). However, RMSE of 10.04% is slightly high crown canopy cover 

 

The statistical analysis of the correlation bias indicates a low bias of 0.45, which is 

not statistically significant. Additionally, there was no significant difference in the 

means for both datasets. However, the over-estimated values of crown canopy 
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cover from both sensors might be due to reflects off canopy (branches, leaves) and 

ground surfaces, particularly surfaces with mixed-sloped terrain and vegetation 

(Dubayah and Drake, 2000). 

 

4.3.4 Evaluation using field measurements 

- Vegetation height 

A comparison between results of MCH of field measurements and MCH obtained 

from both LiDAR systems according to the classified terrain slopes GLAS 

footprints with respect to its terrain index generated from airborne LiDAR data 

shows (Figure 4.14) that both LiDAR systems have a similar relationship to the 

observed field MCH.    

 

The terrain slopes over the selected GLAS footprints for field measurements 

evaluation were classified into 3 categorises of 0-15º (flat), 15-30º (moderate), and 

30-45º (steep).  As results of this classification, 8 GLAS footprints fall into the flat 

class; 9 GLAS footprints are located in moderate slope areas; while 6 footprints fall 

in steep slope areas. As a result of this classification, flat terrain GLAS footprints 

have the highest correlation coefficient of GLAS and airborne LiDAR data r = 

0.78; RMSE = 2.23m and r = 0.70; RMSE = 2.17m respectively. Both correlations 

are statistically significant (p-value < 0.001) when comparing with MCH field 

measurements; while the comparison relationship started to decrease with both 

LiDAR systems and field measurement of MCH  giving a statistically significant 

correlations r of 0.70; RMSE of 2.38m; (p-value < 0.001)  and r of 0.68; RMSE of 

1.97m; and (p-value < 0.001) respectively for the moderate slop terrain GLAS 

footprints ,  and non significant statistical correlation relationship  r of 0.34; RMSE 
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of 3.96m; (p-value > 0.05) and r of 0.30; RMSE of 4.49m; (p-value > 0.05)   

respectively for the steep sloping footprints (see Figure 4.14). 

 

As a result, estimating MCH from both LiDAR systems is affected by terrain 

slopes. This is obvious in Figure 4.14 for estimated MCH over steep slope terrain. 

Two out of six GLAS footprints are located in a very steep slope terrain (> 45º), 

which decreases the correlation coefficient r = 0.34 and 0.30 for estimated MCH 

from airborne LiDAR and satellite sensors. Therefore, statistical methods are 

required to incorporate this important factor in estimating height of vegetation in 

steep slope terrain.  
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Figure 4.14: Relationships between classified GLAS footprints according to their terrain slopes and 

MCH of field measurements. The left and right graphs show that the r started to decrease when the 

terrain slopes increased. 

 

Following further investigation considering the observations from the fieldwork, 

GLAS footprints were regrouped into two categories, flat and moderate terrain and 

steep slope terrain. Figure 4.15 shows the comparison relationship for MCH 

estimates from both LiDAR systems and MCH of field measurements. Flat terrain 

plots have r of 0.86 and RMSE of 1.77m for airborne LiDAR estimates of MCH 

when compared with MCH field measurements; while this relation also gives r of 

0.63 and RMSE of 1.99m when GLAS MCH estimates are compared with those 
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from field measurements. Both correlation coefficients are statistically significant ( 

p-value < 0.001). However, this relation decreased given r of 0.22 and 0.17 with 

RMSE of 3.80m and 3.45m respectively when comparing both LiDAR systems 

with MCH of field measurements in steep slope plots. Both correlation coefficients 

are not statistically significant (p-value > 0.05) (Figure 4.15).        

 

The results of the correlations coefficient linear relationships for steep slope areas 

suggest that the demand of using statistical methods to incorporate the effect of 

terrain slopes on the estimated maximum canopy heights from the satellite LiDAR 

system. 

 

Figure 4.15: The relationship results of estimating MCH using both LiDAR systems and MCH of 

field measurements. It appears that steep slopes affect this relationship, producing low r specifically 

for GLAS MCH estimates in steep slope plots. 
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In order to incorporate the effect of terrain slopes on the shape of the GLAS 

waveform and hence the estimated vegetation canopy heights, statistical methods 

which employ regression analysis were done. 

 

Two methods of considering the effect of slopes were applied. The first method 

uses the waveform extent (w) and terrain index (g), which are generated from 

airborne LiDAR data. It is defined as the highest and lowest elevations contained 

within a 7x7 subset of the DEM generated from airborne LiDAR data as an 

indicator of slope effect on the waveform extent. The analysis produced R² = 0.66 

and RMSE = 17m when compared with field measurements (n=6): 

                    H Field = 0.88*(w –g)+ 4.38                                                          (4.4)       

Coefficient significance p < 0.001; intercept significance p > 0.01. 

The analysis showed the capability of estimating maximum vegetation height from 

GLAS waveform with respect to terrain complexities on the waveform structure. 

However, the largest various were obtained for the very steep slopes plots (n=6), 

due to the slopes that were greater than 30º. The validation between MCH predicted 

from GLAS waveforms and field MCH measurements seems to suggest that terrain 

index can affect the waveform structure. However, this approach requires 

appropriate resolution of terrain data. 

 

In order to rely on calculated GLAS waveform parameters for estimating MCH, the 

previous analysis was repeated but with only GLAS waveforms. It produced R² = 

0.67 and RMSE = 16.2m when compared with field measurements (n=6): 

                  H Field = 1.07*(w – σ)+ 1.31                                                     (4.5) 

Coefficient significance p < 0.001; intercept significance p > 0.01. 
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The results showed similar results using terrain index generated from airborne 

LiDAR data. This suggests that the potential for estimating MCH from GLAS 

waveform parameters only with respect to the waveform width (σ), which becomes 

wider when the terrain slope increases (Sun et al., 2008). 

 

In order to improve the relationship between the waveform extent and terrain slope 

factors that affect its shape structure with field MCH measurements, multiple 

regressions was used, following the work of Lefsky et al.(2005a). The resulting 

equation which uses terrain index is: 

                                   H Field  = 1.53*w – 0.87*g                                                   (4.6) 

This gives R² of 0.78, RMSE of 14.50m and both coefficients are statistically 

significant  p-value < 0.001 , the intercept was not significant, while using the same 

multiple regression which employs waveform width parameter (σ) resulted in: 

                           H Field = 2.73* w – 1.01* σ                                                      (4.7) 

This gives R² of 0.67, RMSE of 17.50m. Both coefficients are statistically 

significant p-value < 0.001, the intercept was not significant. 

 

These results show a potential approach of estimating MCH from GLAS waveform 

parameters directly using statistics based on regression analysis methods. 

 

- Canopy cover 

Figure 4.16 shows the relationship between crown canopy cover estimates from 

fieldwork, airborne LiDAR data, and GLAS waveform data. The relationship 

produced r of 0.93 and 0.85 with RMSE of 10.04 % and 11.80 % for airborne and 

satellite LiDAR estimates of percent cover with those from field estimates.  



 

143 
 

 

Figure 4.16: Relationships between percent crown canopy cover estimates using canopy return ratio 

parameter (rCanopy) from GLAS waveform (•) (y- axis) and estimates using airborne LiDAR (¤) (y 

axis) and those estimates from fieldwork (x) (x-axis). It shows a significant correlation (p-value 

<0.001) for both LiDAR systems with field estimates. 

 

 

4.4 Summary 

This chapter has compared the estimation of vegetation parameters derived from 

coincident discrete small return airborne LiDAR data with those extracted from 

large full waveform LiDAR satellite GLAS data. The airborne LiDAR data was 

used to provide smaller samples of the surface within the GLAS footprint, and 

hence evaluate results of estimating vegetation structure obtained from GLAS. 

 

The airborne and satellite LiDAR elevation data comparisons provide an 

independent evaluation of the elevation accuracy of GLAS data. The results 

indicate that the GLAS estimated elevation data error on the ground is no more than 

2.5 m and the surface elevations measured from both LiDAR systems are 

consistent.   
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Relationship of maximum canopy height estimates between airborne LiDAR and 

GLAS estimations of maximum canopy height using GLA01 and GLA14 

parameters produced r of 0.68 and 0.71 and RMSE of 2.67m and 2.58m 

respectively for (n=38). These results indicate the potential for using GLAS 

extracted waveform parameters for estimating MCH from direct methods. 

However, similar results were obtained for classified GLAS footprints according to 

its terrain index as indicator of terrain slope. The results show that for vegetation 

height estimates over moderate surface with moderate uplands and lowlands, the 

direct method produced r value of 0.70 and r = 0.64 with RMSE of 2.61m and 

2.79m respectively; while the lowest correlation results was obtained from the steep 

slopes footprints with r = 0.55 and r = 0.48 with RMSE of 3.01m and 3.19m 

respectively; and highest correlation results were obtained in the flat terrain plots 

with r = 0.89 and r = 0.86 and RMSE of 1.32m and 1.50m. From the results, it was 

clear that MCH estimated from both LiDAR systems have the same correlation 

relationships. Therefore, the statistical method should apply, particularly on steep 

slope terrain, to obtain accurate estimations of MCH. Results of estimations of 

stand density volume calculated from each GLAS footprint (n= 38) have a strong 

relationship with stand density volume extracted from LiDAR airborne data, 

producing r value of 0.95 and RMSE of 0.98%. This suggests that spaceborne laser 

must be considered of potential value for vegetation structure estimations for 

savannah ecosystems.  

 

The comparison of percentage cover results from airborne LiDAR data to those 

estimates from GLAS shows highly correlated with r = 0.94 and RMSE = 10.04%. 

crown canopy cover field measurements of MCH and percent crown canopy cover 
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were used to complement satellite LiDAR waveform parameters in order to develop 

suitable regression models using the statistical method of regression analysis with 

factors that have a magnificent effect on waveform structure, such as terrain index 

generated from airborne LiDAR data or waveform width calculated from GLAS 

waveform.   

 

A new contribution described in this chapter is the development of a method to 

improve the estimation accuracy of the maximum vegetation canopy height using 

only GLAS waveform metrics on sloping terrain. Doung (2010) discussed in his 

work the effect of slope terrain on the waveform ground width. This work has 

tested this important parameter on the sloped GLAS footprints. The principal 

results obtained indicate that improved results could be achieved of estimating 

MCH from GLAS footprints over sloping areas using only two parameters: 

waveform extent and waveform width parameters. This gives R² of 0.67 with 

RMSE of 17.50 m; while multiple regression using terrain index generated from 

airborne LiDAR data produced R² of 0.78, RMSE of 14.50m. These results show a 

potential approach of estimating MCH from GLAS waveform parameters directly 

using statistical methods of regression analysis. 

 

Relationships of percent crown canopy cover estimates from fieldwork and both 

LiDAR systems with those estimates from fieldwork show a significant correlation 

of r of 0.93 and 0.85 and (p-value < 0.001) for airborne and satellite LiDAR. In 

addition, it is shown that the full ICESat-GLAS waveform parameters derived from 

direct or decomposition methods were able to extract vegetation metrics, and 

improved results could be obtained using regression analysis statistical methods. 
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CHAPTER FIVE 

 
SAVANNAH WOODY COVER ESTIMATION FROM GLAS: AN 

EVALUATION USING ALOS-PALSAR RADAR DATA 
 

5.1 Introduction  

Savannah woody cover is an important biophysical parameter which directly affects 

important processes of savannah ecosystems. It influences herbaceous biomass, 

hydrological cycles, soil carbon and nutrient cycling (Rietkerk et al., 1997; Scholes 

and Archer, 1997; Hudak et al. 2003; Archibald et al., 2009). Growing recognition 

of the importance of the structural component of Savannahs landscapes diversity 

has highlighted the demand to understand the spatial distribution and temporal 

dynamics of woody vegetation density and crown canopy cover (Levick and 

Rogers, 2008).   

 

Researchers have shown that woody vegetation density and crown canopy cover 

distribution are affected by several drivers that alter the woody cover and density of 

savannah systems (Sankaran et al., 2005). Fire and elephants drivers are considered 

to have the potential ability to severely alter the heterogeneity and biodiversity of 

savannah woody cover (Trollope et al., 1998). Therefore, information on the 

distribution and spatial variations in woody vegetation density and crown canopy 

cover in savannah ecology is critical for making timely assessments of savannah 

ecosystem (Coops and Culvenor 2000). Hence, an adequate spatially-consistent 

monitoring and assessment of woody vegetation density and crown canopy cover of 

this key parameter is of particular importance for researchers, decision makers and 

stakeholders. 
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Since savannah ecosystems are known to have a wide range of highly specialized 

structural woody cover (Solbrig et al., 1996), with far more layering within the 

savannah structure, they offer a challenge of an altogether different magnitude for 

new remote sensing techniques (Nagendra, 2001). Due in part to this challenging 

complexity, the use of passive and active remote sensing in tropical grasslands has 

largely been limited to studies of fire in savannah systems (i.e., Alleaume, 2005; 

Roy et al., 2005a; 2005b); additionally, most conducted studies of temporal change 

in savannahs have employed the use of satellite images or black and white aerial 

photography. Whilst these methods are useful for investigating changes in woody 

cover over time, they are not able to portray the three-dimensional structure of 

vegetation cover.  

 

With regard to active systems, the first one is the RADAR (RAdio Detection And 

Ranging) system, which has shown great potential for monitoring and mapping a 

wide range of surface and vegetation characteristics in a synoptic, continuous 

fashion (Kasischke, et al., 1997). The first attempt to address this was made by 

Harrel et al. (1997), which resulted in quantitative vegetation mapping, which 

referred to the relationship of the intensity channels of a polarimetric SAR to 

biophysical variables, particularly the cross-polarized L-Band channel, which 

proved to be useful. Most of these studies that used advance polarimetric 

algorithms focused on different cover types of forests (i.e., Thiel et al. 2007) or 

land-cover classification (i.e., Lee et al., 1994); and few use the polarimetric 

parameters for quantitative assessments of structural attributes (i.e., Garestier et al., 

2009). The study revealed that the polamaritic anisotropy parameter in L- and P-

bands is found to be linearly correlated with the forest height.  
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Few studies have used SAR in the savannah environment. One that has is the 

sequence of intensive studies in the Australian savannah woodland and open forest 

environment of Queensland by Lucas et al. (2004, 2006a, 2006b, 2006c and 2009), 

which related SAR polarimetric intensity channels to vegetation parameters. These 

investigations have revealed that the C-HV channel was suitable for mapping leaf 

and small branch biomass; and the L-HV and L-HH channel were sensitive to the 

trunk and large branch biomass (Lucas et al., 2004).  

 

Moreover, Lucas et al. (2006c) showed that the L-HH channel interacted primarily 

with the trunks and secondarily with volume elements (mainly large branches). 

Significant contribution of the backscattering signal in the L-HV channel arose 

from all volume components of the model commensurately (branches, leaves, and 

understory vegetation). Ground-trunk and the direct ground scattering contributed 

less compared to L-HH but more compared to L-HV. A result from the previous 

studies, shows that L-band (especially HH- and HV-polarisation) operates as a 

complementary component in mapping vegetation structure since it provides 

information at later growth stages due to ground-trunk interactions (Lucas et al., 

2006c). The above mentioned study dealt with RADAR airborne imagery. A recent 

study by Lucas et al. (2009) used Advanced Land Observing Satellite (ALOS) 

Phased-Array type L-band SAR (PALSAR) for biomass mapping in open forests. 

This study achieved R² of 0.48 compared to field data for a large scale biomass map 

of the whole Queensland area, which enabled important insights into the 

backscattering behaviour of open forests. Moreover, other recent studies by Collins 

et al. (2009) in the Northern Territory of Australia showed possible potential with 

regards to vegetation structure assessments in open forests. It mapped the Wildman 



 

149 
 

River Reserve with R² of 0.92 using the SAR backscatter which was strongly 

related to the biomass of the vegetation. 

 

Light detection and ranging (LiDAR) technology is another active remote sensing 

technique that uses precise spatial location and the two way travel time of laser 

light pulses to produce a highly accurate representation of the targeted ground area 

with a capability of simultaneously mapping the earth surface and overlying 

features (Means et al., 2000).  

 

Today, LiDAR technology, which until recently has been limited to airborne 

systems, is the most promising sensor for remote sensing estimation of forest 

attributes (Lefsky et al., 1999a,b; Lefsky et al., 2002; Drake et al., 2003a;2003b; 

Patenaude et al., 2004). Studies have proved that aircraft LiDAR has the capability 

to measure forest height with high accuracy and that vegetation structure, biomass 

and other vegetation canopy attributes can be estimated (Lefsky et al., 1999a, b; 

Nelson et al., 1997; Means et al., 2000). The success of airborne LiDAR in 

vegetation environments such as VCL (Vegetation Canopy LiDAR) and LVIS 

(Laser Vegetation Imaging Sensor) has ultimately led to the implementation of a 

spaceborne LiDAR mission for vegetation studies (Blair et al., 1999; Hese et al., 

2005). Satellite spaceborne, namely, the ICESat-GLAS LiDAR waveforms has 

been used successfully in defining many forest attributes such as canopy height and 

structure (Harding et al., 2001; Goetz et al., 2007).  GLAS has been an active area 

of research in recent years, specifically in temperate and boreal forests (i.e., Ranson 

et al., 2004b; Lefsky et al., 2005a; Lefsky et al., 2007; Duong et al., 2008; 

Neuenschwander et al., 2008; Rosette et al., 2008c; Sun et al., 2008; Pang et al., 
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2008; Chen, 2010b; Duncanson et al., 2010), but has been insufficiently explored 

for ecological research in savannah ecosystems (Levick and Rogers, 2008). The 

previous chapter showed the results of extracting savannah vegetation structure 

using GLAS LiDAR full waveform parameters, compared it with discrete return 

airborne LiDAR data and evaluated the outcomes with field measurements.  

 

In this chapter, the author aims to provide more complete assessment of woody 

cover estimations from GLAS waveform parameters by comparing them with 

woody vegetation estimates using ALOS PALSAR backscatter data. The rationale 

of this approach builds on the potential results obtained from Chapter 4, which 

evaluated estimating vegetation structure properties such as vegetation heights, 

stand density and percent crown canopy cover from GLAS waveform parameters.  

 

Studies on RADAR data show consensus on its sensitivity to woody structure, for 

example, the work of Mitchard et al. (2009). In this work, a consistent baseline was 

created which detected woody biomass across savannahs and woodlands of Africa. 

Moreover, it has been proved that different RADAR wavelengths interact with 

different vegetation elements and depths (Lucas et al., 2004). From this approach, 

this feature exploited here in this work to create direct relationship between woody 

cover estimated from GLAS waveform parameters and RADAR backscatter over 

savannah vegetation systems. Therefore, the goal of this research is to evaluate the 

use of ICESat-GLAS LiDAR data for estimating savannah woody cover in Kruger 

National Park in South Africa and evaluate the results using the L-band backscatter 

intensity (especially HH- and HV-polarization) in ALOS PALSAR. 
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5.2 Methodology  

5.2.1 Study site and data  

Study site 

The study area is Kruger National Park located in South Africa. It is one of the 

largest protected areas in Africa (19,485 km²). Various habitats and ecological 

regions exist within the boundary of the Kruger, with at least 16 recognized 

„ecozones‟; each one characterized by specific vegetation, geology, soils, rainfall 

rate, and temperature. The KNP has been chosen as a study site because it is the 

largest and one of the most important national parks in the world, and it presents a 

good test site because of the diversity of its ecosystems and, most importantly, the 

coverage of ICESat-GLAS (Figure 5.1).   

        

 
 

Figure 5.1: The study sites of the Kruger National Park in South Africa and the location of the 

GLAS footprints which overlapped with ALOS PALSAR data. 
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GLAS data 

Two data products of release 29 GLAS were used in this study:  

 Level 1A Global Altimetry data (GLA01); and  

 Level 2 Global Land Surface Altimetry data (GLA14) 

GLA01 is a level 1A data product which contains granules that have raw LiDAR 

waveform in digitizer counts which are afterwards converted to volts (by users). 

GLA01 contains the transmitted and received echo waveforms. This product has 

variables such as the filter threshold value for signal detection in digitizer counts, 

laser transmit energy, received energy from all signal above threshold, sampled 

transmit pulse waveform, 4ns background mean value and standard deviation 

(Brenner et al., 2003).  GLA14 is a level 2 data which contains sensor position and 

pointing information as well as calculated footprint position, size and shape, and 

land surface elevation. Transmit pulse and recorded waveforms are represented 

with characteristic shape parameters only. The recorded waveform is decomposed 

into a series of Gaussian peaks, as described in Zwally et al. (2002) and Brenner et 

al. (2003) 

𝑤  𝑡 = ε +  Am ×

Nρ

𝑚=1

𝑒
− 𝑡 − 𝑡𝑚 ²

2𝜍²𝑚
                                                        (5.1) 

Where w(t) = the amplitude of the waveform at time t, Np = number of peaks in the 

waveform, Am = amplitude of the m the peak, ε = bias (noise level) of the 

waveform, tm = position of m the peak at time t, σm = standard deviation of the m 

the peak  (Brenner et al., 2003). This equation is solved with non-linear least 

squares fitting to a maximum number of six peaks (Brenner et al., 2003). 
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ALOS PALSAR data   

For parts of the Kruger National Park, imagery of ALOS PALSAR in Fine Beam 

Double Mode (FBD) was acquired for June 2007 and June 2008 through ALOS 

Data European Node (ADEN) provided by the Japanese Aerospace Exploration 

Agency (JAXA) and the European Space Agency (ESA). The HH and HV 

polarized images were received in single look complex (SLC) format and slant 

range geometry (processing level 1.1) with an off-nadir angle of 34.3 degree and a 

pixel-spacing of 9.4 m in range and 3.2 m in azimuth direction, respectively. The 

swath width approximated 70k m. 

 

Woody cover map for the Kruger National Park 

A woody cover map for the entire park, derived from remote sensing data, was 

produced by Bucini et al. (2009). Based on the Akaike information criterion, a 

combination of Japanese Earth Resources Satellite-1 (JERS-1) and Landsat imagery 

has been used and the result ended up as a woody cover map with a spatial 

resolution of 90m with R² of 0.61 and an RMSE of 8.1%. 

 

5.2.2. Data processing  

5.2.2.1 GLAS data processing  

 

Following the GLAS waveforms processing steps in Chapter 3 to extract the 

vegetation parameters of interest, two main steps were done: 

Extracting vegetation height estimates from both GLA01 and GLA14 products  

GLA14 were pre-processed using software packages downloaded from NASA 

website (http://nsidc.org/data/icesat/tools.html) to produce usable data, including 

unique number, shot number, shot time, number of samples; and then the 

http://nsidc.org/data/icesat/tools.html
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IDLreadGLAS software was used to process and explore the uncompressed GLA01 

full waveform values in volts (Seidel, 2005). Raw waveforms have ambient system 

noise at the beginning and the end of the waveform signal (Lefsky et al, 2005). 

Therefore, the real signal of the waveform was identified by thresholding the raw 

waveforms. In this work, the threshold value for each raw waveform was 

individually determined to the mean background noise value estimated in the 

GLA01 product (GLAS product variable: d_4nsBgMean) plus 4 times the standard 

deviation of the background noise (GLAS product variable: d_4nsBgSDEV) 

(Lefsky et al, 2007). This helps in estimating the highest and lowest intercepted 

surfaces within a footprint which is referred to as „waveform extent‟ (Lefsky et al., 

2005). Considering the work of Carabajal and Harding (2001), the distance between 

„signal begin‟ and the location within the waveform corresponding to the ground is 

assumed to be the maximum canopy height. 

 

The shape of the waveform varies according to the characteristics of intercepted 

surfaces and their spatial locations, taking into account that the laser energy 

diminishes towards the footprint margins (Carabajal and Harding, 2001). However, 

in open and sparsely vegetated areas, the majority of signal returns may be 

anticipated from the surface ground creating the greatest amplitude peak within the 

returned waveform; while, in denser canopies, the laser energy penetration becomes 

more difficult and results in a lower amplitude peak (Harding et al., 2001). GLAS 

products provide parameters that contain a Gaussian decomposition, particularly in 

GLA14. The ICESat-GLAS visualizer software iteratively fits six Gaussian curves 

to the waveform. This was used to compare Gaussian parameters, so it is assumed 

that the larger amplitude of any fitted six Gaussian parameters corresponds to the 
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ground, and the difference in elevation between the centroid of this Gaussian and 

the beginning of the waveform signal is the estimated maximum vegetation height 

(Rosette, 2009). This equation was used to estimate maximum canopy height using 

the Gaussian decomposition method of GLA14 parameters: 

H GLA14 max =Hs- GP                       (5.2) 

Where HGLA14 max= is the maximum canopy height estimated from GLAS data 

(m), Hs = the signal start obtained from GLA14 product (m), GP= ground peak (m) 

(the centroid of the greatest amplitude of Gaussian decomposition peak). 

 

The GLA01 product gives the mean and standard deviation of background noise 

values in the waveform. Hence, using the mean plus four times standard deviation 

as a threshold above the noise level, the real signal beginning and ending for each 

waveform were located. Since different waveforms have different amplitude 

intensities, it is inconvenient to use one single threshold noise for all the 

waveforms. 

 

Ground peak was determined where greatest sufficient laser energy is reflected 

from the ground (Lefsky et al., 2005). As a consequence, the estimated maximum 

canopy height using the GLA01 parameters is given in this equation: 

                                        HGLA01 max =HSB- GP                                             (5.3) 

Where HGLA01max= is the maximum canopy height estimated from GLA01 data 

(m), HSB= the signal start that above the threshold noise level obtained from 

GLA01 waveform (m), GP= ground peak (m) (the greatest amplitude peak in 

GLA01 waveforms).  
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Extracting parameters of interest for savannah woody cover estimates from GLAS 

waveforms 

Beside the predicted maximum canopy heights from GLAS products, useful 

parameters of a signal waveform have been also extracted from GLA01 full 

waveforms. They are the total waveform energy (eEcho) calculated by summing all 

the return energy from signal beginning to ending; the canopy energy return 

(eCanopy); the ground energy return (eGround); and the most important parameter 

which this study was conducted for: the GLAS energy ratio (rGLAS) (canopy 

energy to ground energy), which has been proved in the work of Neuenschwander 

et al. (2008) to be a good indicator of the amount of woody cover within the GLAS 

footprint. The canopy return ratio (rCanopy) which calculated as canopy return 

energy (eCanopy) divided by the total return waveform energy (eEcho) which 

measure crown canopy cover(Harding and Garabajal, 2005), the ground return ratio 

(rGround) which calculated as the ground return energy (eGround) divided by 

canopy return energy (eCanopy) which refers to the degree of canopy closure 

(Darke et al., 2002). Waveforms that were greatly affected by cloud and system 

noise were discarded before the extraction of the above waveform parameters.  

 

5.2.2.2 ALOS PALSAR data processing  

The processing of SAR data were conducted in the Institute of Geography at the 

University of Jena using GAMMA SAR processing software. The images were 

undertaken in a multi-looking of 1 look in range and 4 looks in azimuth direction, 

resulting in ground range pixel-spacing of approximately 14m and 13m, 

respectively; and then resampled to a resolution of 15m using bilinear interpolation. 

With the Differential Interferometry and Geocoding package (DIFF and GEO); the 
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images were co-registered using a cross-correlation-algorithm and a signal to noise 

ratio (SNR) of 10, resulting in a discrepancy of less than 1 pixel. 

 

For geocoding, a 20 meter resolution Digital Elevation Model (DEM) of Kruger 

National Park, provided by South African National Space Agency (SANSA), was 

re-sampled to 15 m using bilinear interpolation. From this DEM a SAR backscatter 

image was simulated and transferred to slant range geometry and a geocoding look 

up table was created using orbit parameters. A refinement of this look up table by 

cross-correlating the simulated with the original images was tried, but due to the 

faint relief no accurate matching points were found, and lower SNR values resulted 

in huge geometric distortions, so the geocoding is relying on orbit parameters 

alone, resulting in a non-quantified error. This processing did not involve a terrain 

correction as well, so that SAR inherent features like layover or foreshortening are 

not corrected, but, with regard to the flat topography terrain, correction should not 

play an important role here either. 

 

Woody cover map data 

The GLA14 centre point geo-location data were buffered by 35 m to account for the 

~70 m GLAS footprint diameter. GLAS polygons were overlaid on the woody 

cover map, which derived from (JERS-1) and Landsat imagery, and only those 

shots that were defined as fully within the ALOS PALSAR and fell within the 

woody map were used in this study.  
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5.3 Results and discussion 

5.3.1 Comparison of maximum canopy heights derived from GLA14 and 

GLA01 products  

 

Finding the ground peak is essential to extract the other waveforms‟ parameters. 

Two independent methods have been employed to identify ground peaks for each 

GLA14 and GLA01 waveform. First, due to the nature of savannah environment, 

which considerably sparse and has more open vegetation canopies, the majority of 

returns may be anticipated from the ground so forming the greatest amplitude peak 

within the returned waveform (Rossetti et al., 2010). The second method is the use 

of the GLAS IDL reader library visualization program for allowing interactive and 

manual identification of ground peaks. For the 162 GLAS footprints, the correlation 

between maximum canopy heights derived from GLA14 and GLA01 was r = 0.93, 

RMSE=2.23m and (p-value < 0.001 statistically significant) (Figure 5.2). This 

result indicates the potential of estimating maximum canopy height directly from 

GLAS products using characteristics of the waveform structure.  

 

Figure 5.2: Relationship between MCH estimates using GLA01waveform and MCH estimates using 

GLA14 parameters; most points for both estimated MCH of GLAS products fall close to the 1:1 

line. 



 

159 
 

5.3.2 Estimation of woody cover from GLAS footprints 

Based on the work of Lefsky et al. (2005a) and Neuenschwander et al. (2008), the 

model developed to estimate woody cover employed four GLAS waveform 

parameters selected by stepwise regression in R statistical program software. The 

result show R² value of 0.60 and RMSE value of 4.25m yielding this equation: 

Pwc = -19.633+0.127XrCG+97.281XCE.TE+11.358XrGC+0.038XH2                (5.4) 

Coefficients are statistically significant p-value < 0.001, intercept significant p-

value > 0.01. 

Where Pwc is the percent woody cover within the GLAS footprint; XrCG is the 

GLAS energy ratio (rGLAS) (canopy energy to ground energy); XCE.TE is the 

canopy return ratio (rCanopy); XrGC is the ground return ratio (rGround); and H² 

is the maximum canopy heights estimated from GLAS waveforms. 

 

As shown in Figure 5.3, by applying equation (5.4) to predict GLAS woody cover 

and comparing it to the percent woody cover map from (Bucini et al., 2010), it 

shows a significant correlation r of 0.71; RMSE = 10.2%  and (p-value <0.001 

statistically significant). This result indicates the potential of GLAS waveform 

indices to apply large LiDAR footprint estimation of woody cover.  
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Figure 5.3: Estimated of crown canopy cover from GLAS waveform compared with woody cover 

percent extracted from woody cover map (Bucini et al., 2010). A strong correlation is found, 

supporting the ability of using GLAS parameters to estimate woody cover. 

 

 

A regression analysis of the relationship between maximum canopy heights is 

derived from GLAS waveforms and woody cover estimated from GLAS waveform 

indices and those extracted from the woody cover map of Bucini et al. (2010). The 

results (Figure 5.4) show that the estimated woody vegetation from GLAS 

waveforms has significant relation to the MCH estimates from GLAS waveforms. 

This can be expressed with coefficient of determination for estimated woody 

vegetation from GLAS waveforms metrics and those extracted from Bucini et al. 

(2010) map with predicted GLAS MCH. This results in R² of 0.69 and 0.38 

respectively.  

 

These results suggest that there are height correlations for the tallest species with 

the increase of woody cover percent in each GLAS footprint from both datasets of 

predicted woody cover.  
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Figure 5.4: Comparison between predicted MCH from GLAS waveform plotted against the percent 

woody cover interpolated from KNP woody cover map (right graph) and the predicted woody cover 

from GLAS waveform for each footprint (left graph). The results show significant correlation in 

both plots, which indicates a strong relationship between increasing the MCH and the woody cover 

in each GLAS footprint. 

 

 

5.3.3 Comparison of GLAS estimations of woody cover and MCH with 

RADAR backscatter from ALOS PALSAR 
 

As has been proved in several studies, radar backscatter is correlated not only with 

total biomass, but also with the various components of biomass such as branch 

biomass, needle biomass, and bole biomass (Kasischke et al., 1997), or with other 

physical tree-stand characteristics such as tree height and basal area (Dobson, 

2009). Hence, a calibration of the L-band backscatter intensity (HH- and HV-

polarization) in ALOS PALSAR against the predicted GLAS maximum canopy 

heights, using Pearson‟s correlation coefficient for the 162 plots, resulted in 

significant correlation between L- band, particularly in HH polarization and the 

GLAS derived heights with r = 0.72 and  p-value <0.001 statistically significant. It 

can be seen from Figure 5.5 that L- band backscatter increases intensity for both 

HH- and HV-polarization when increasing the vegetation heights. 
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Figure 5.5: Comparison between ALOS L-band backscatter (acquired for June 2007 and June 2008 

respectively) in HH and HV polarization and predicted MCH from GLAS waveforms. L-band in HH 

has the strongest relationship with GLAS derived MCH. 

 

The correlation was also analyzed based on predicted woody cover percent from 

GLAS waveforms. The regression analysis for the radar backscatter and predicted 

woody cover percent from GLAS waveforms metrics results in R² = 0.25 and 0.23 

for HH- and HV L-band respectively. However, the correlation relationship shows 

that HH L-band has the highest correlation value of r = 0.48 and (p-value < 0.05 

statistically significant) compared with HV L-band of r = 0.44 and (p-value < 0.05 

statistically significant) with the predicted woody cover from GLAS waveforms 
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metrics. As can be seen from Figure 5.6 the RADAR backscatter increases when 

woody cover increased in each GLAS footprint.  
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Figure 5.6: ALOS L-band backscatter in HH and HV polarization (acquired for June 2007 and June 

2008 respectively) plotted against predicted woody cover from GLAS footprints. This comparison 

shows also a good correlation between predicted woody cover from GLAS waveforms and 

backscatter intensity in L-band HH. This result shows the potential ability to use GLAS waveform 

parameters for measuring the amount of woody cover for larger scales. 

 

The GLAS energy ratio extracted from GLAS waveform parameters were 

compared to L- band backscatter acquired in 2007 and 2008. The results obtained 

show a significant linear correlation with L- band backscatter, especially with HH 

polarization R² = 0.47 and 0.51 in 2007 and 2008 respectively (see Figures 5.7 and 

5.8). This result emphasizes that GLAS energy ratio is a good indicator of the 
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amount of woody cover within the footprint, and it could be used to estimate the 

woody cover by combining it with other waveform parameters to give accurate 

estimations of woody cover within the GLAS footprints. 

L-band 2007
R² = 0.47
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L-band 2007
R² = 0.45
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Figure 5.7: ALOS L-band backscatter in HH and HV polarization acquired in 2007. A regression 

analysis revealed the relationship between GLAS ratio as a good function indicator of woody cover 

in each GLAS footprint with HH and HV L-band backscatter intensity. 
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L-band 2008
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Figure 5.8: A regression analysis revealed the relationship between GLAS ratio as a good function 

indicator of woody cover in each GLAS footprint with HH and HV L-band backscatter intensity for 

ALOS PALSAR image acquired 2008. 

 

Moreover, the correlation coefficient relationships show a significant correlation of 

r = 0.71 and 0.68 between HH L-band backscatter and the GLAS ratio for acquired 

data in 2007 and 2008 and the correlation coefficients were statistically significant 

(p-value < 0.001). However, also HV L-band backscatter shows a significant 

correlation of r = 0.66 and 0.69 and (p-value < 0.001 statistically significant) for 

both correlations with the GLAS ratio acquired image in 2007 and 2008. This again 
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emphasizes the possibility of extracting woody vegetation from GLAS waveform 

metrics without the need for ancillary data. 

5.4 Summary 

The extracting of the amount of woody vegetation cover is important for evaluation 

of habitat in any vegetated environmental system. Monitoring programmes which 

depend on traditional surveys systems do not sufficiently produce the necessary 

information for evaluating such vegetated ecosystems.  

 

The spaceborne RADAR imagery showed great potential in different kinds of 

environment applications, specifically, vegetation mapping and associated 

structural vegetation parameters. However, most of these applications have been 

conducted in homogenous forests such as temperate, boreal and tropical regions. In 

addition, the spaceborne LiDAR technology, namely, the Geoscience Laser 

Altimeter System (GLAS), is the first LiDAR instrument for continuous global 

observation of the Earth. GLAS has proved capable of measuring forest height and 

other vegetation canopy attributes, specifically in temperate and boreal forests. 

 

This chapter aimed to contribute to strengthening the link between the two 

spaceborne systems, LiDAR and RADAR, in order to exploit the full potential of 

these technologies in further applications of vegetation structure in this 

environment, which currently lacks studies on both spaceborne systems.  

 

This chapter presented woody cover estimations obtained from GLAS waveform 

data. From these analyses, it has been possible to test the ability of the spaceborne 

LiDAR GLAS to estimate woody cover directly from the full GLAS waveforms.   
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Results show that estimates of woody cover from GLAS waveform parameters 

have good correlation with the percent woody cover interpolated from the KNP 

woody cover map produced by Bucini et al. (2010). On the other hand, there is a 

certain correlation between GLAS estimated woody cover and ALOS L-band HH 

backscatter, which presented promising results. This study provided the first step 

for future studies to combine the two satellite sensors (LiDAR and RADAR) for 

large scale estimation of vegetation woody cover. However, caution should be 

taken in further studies in terms of field sampling data, developed algorithms and 

other analysis methods. 
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CHAPTER SIX 

 
SUMMARY OF RESULTS AND GENERAL DISCUSSION 

 

6.1 Introduction 

The purpose of this research is to act as a case study for examining the quality of 

waveform derived vegetation parameters obtained from the waveform processing 

procedure described in Chapter 3. Two separate comparisons between ICESat-

GLAS data with airborne LiDAR data and spaceborne ALOS PALSAR RADAR 

data were studied in detail in Chapters 4 and 5, respectively. The results for each 

comparison showed the possibilities of using GLAS derived vegetation parameters 

directly for reliable, operational monitoring programmes in savannah ecosystems. 

 

This chapter presents a summary of results obtained from using two methods - 

direct and statistical - of estimating vegetation structural parameters from GLAS 

waveforms; and also introduces a general discussion around evaluating the 

accuracy and the precision of estimating savannah vegetation parameters by 

comparing those estimates from different parts of the study site with two different 

datasets, i.e., airborne LiDAR data and ALOS PALSAR RADAR data. 

 

6.2 Results of biophysical parameter estimation 

A major challenge in savannah ecosystems studies is estimating vegetation 

structural parameters over large areas where field data collection is impractical and 

time-consuming. Therefore, it is crucial to identify alternative data sources that can 

provide economical means to obtain information on vegetation cover. Remote 

sensing provides this information by monitoring the vegetation biophysical 

parameters from space. Passive optical remote sensing systems provide two-
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dimensional views of vegetation structure, which requires establishing statistical 

relationships for vegetation estimation using reflectance properties of vegetation 

cover.  

 

However, active remote sensing systems, namely, airborne and spaceborne LiDAR 

remote sensing, offer the possibility of sampling the three-dimensional information 

of vegetation over large areas, which provides useful vegetation structural 

information using physical interactions with the surface objects. In addition, Radio 

Detection And Ranging (RADAR) airborne and spaceborne images showed great 

potential with regard to vegetation structure assessments.  

 

This chapter present the results of utilizing three different active remote sensing 

datasets to estimate savannah biophysical vegetation parameters in two different 

study sites in Kruger National Park (KNP). 

  

6.2.1 General results of utilizing spaceborne GLAS LiDAR system for 

estimating savannah vegetation structure   

 

Satellite LiDAR large footprint data offer a distinctive opportunity for 

characterizing vegetation vertical structure, height and biomass (Drake et al., 2002; 

Lefsky et al., 2005a). GLAS has provided data which enabled this study to be 

conducted to assess the potential of satellite LiDAR in estimating vegetation 

structural parameters in savannah ecosystems, and also in support for a future 

LiDAR sensor designed in this respect. 

 

Two products of ICESat-GLAS data were investigated in this research: the GLA01 

and the GLA14 products. The principle processing technique is based on Gaussian 
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decomposition concept. Two methods of utilizing this concept for processing 

GLAS waveforms have been applied to extract waveform parameters of interest. 

 

Results in Chapter 4 have shown that maximum canopy height could be estimated 

using either parameters in GLA14 or GLA01 using Gaussian decomposition 

method. Figure 6.1 shows the application of the direct method on the entire GLAS 

footprints (n=1204) located in the study area (KNP) after excluding the unusable 

GLAS waveforms. It shows a higher correlation, producing r of 0.92.   

 

However, this parameter is affected by the roughness and slope of the terrain 

surface within an illuminated GLAS footprint (Duong, 2010). In the case of 

Savannah environment, a GLAS waveform from flat and homogenous terrain with 

low vegetation can be represented by a single Gaussian peak because the majority 

of returns may be anticipated from the ground forming the greatest amplitude peak 

within the returned waveform (Duncanson et al., 2010), while returned energy from 

flat and homogenously vegetated areas will represent bimodal returns of 

approximated two Gaussian peaks whereas the first represents the vegetation 

canopy and the second represents the underlying relief (Harding and Carajabal, 

2005). The number of Gaussian peaks, that make up the returned waveform within 

a GLAS footprint, will increase with the number of intercepted elements within the 

footprint such as the tress, canopy gaps or fluctuations in relief (Duncanson et al., 

2010).  Gaussian decomposition method used to extract information from GLAS 

waveforms which depending on fitting up to six Gaussian returns reflected from 

each element within the GLAS footprint. Due to the nature of Savannah 

environment which consider being open grasslands with sparse tree cover, the 
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returned waveform within the GLAS footprint over the selected study area has 

either a single Gaussian curve reflected from the ground surface over flat, low 

vegetated GLAS footprints or a bimodal Gaussian curve reflected from vegetation 

and ground surface over flat, heterogeneously vegetated GLAS footprints or a 

number of Gaussian curves reflected from mixed dense vegetation and complex 

terrain over moderate and slope GLAS footprint. 

 

This study accounts for two factors which might affect the tree height estimation 

obtained from GLAS full waveform. The first factor is that the shape of the 

waveform varies according to the characteristics of intercepted surfaces and their 

spatial locations, taking into account the fact that the laser energy diminishes 

towards the footprint margins (Carabajal and Harding, 2001) and the second factor 

is that when the GLAS footprint is illuminated by the laser sensor, it increases the 

possibility that tall tree tops will be illuminated and hence tall trees can be detected 

(Lefsky et al., 2002b). Taking into account these two approaches, vegetation height 

distributions were investigated visually from GLAS waveforms over the selected 

GLAS footprints and maximum canopy height was calculated from field measured 

data due to the great variation in the mean canopy height within the GLAS footprint 

(range from 8m to > 15m in some GLAS footprints). 

 

The visual investigation of the GLA01 waveforms over the study area showed that 

the ground peak for some waveforms has larger width with less energy (Figure 6.2).  

Therefore, an alternative method for estimating vegetation height should be 

developed, such as a statistical method, to obtain more accurate estimates of 

vegetation canopy height, especially on sloped areas. 
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Two approaches were explored in the statistical method: the first one involves the 

subtraction of the terrain index (which is calculated from airborne LiDAR data) 

from the GLAS waveform extent. The second assumes that terrain index is 

considered to have the same effect as the waveform width (σ) on sloped areas, thus 

the terrain index equals waveform width (σ). 

 

 

Figure 6.1: The scatterplot relationship of estimating MCH using both GLAS products (GLA01 and 

GLA14). 
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Figure 6.2: Examples of two GLAS waveforms on different topographical surfaces. The upper graph 

shows waveform over steep terrain, and the lower graph shows waveform on flat terrain. 

 

The regression results (Table 6.1) show the possibility of developing a statistical 

method of estimating vegetation height from parameters provided within the GLAS 

products. These parameters were also compared with height estimates from field 

measurements of maximum canopy height. 

 

Table 6.1: Regression model analysis results for height estimations with 6 coincident field 

measurements, coefficients significance p-values < 0.001, intercepts not statistically significant.  

Model Type Model R² RMSE r 

Terrain Index (g)/Liner 

regression 

H=0.88 * (w - g) + 4.38 0.66 17.0 0.90 

Waveform Width (σ)/Liner 

regression 

H = 1.07 *(w - σ) + 1.31 0.67 16.2 0.82 

Terrain Index (g)/non Liner 

regression 

H = 1.53* w - 0.87* g 0.78 14.5 0.88 

Waveform Width (σ)/non Liner 

regression 

H = 2.73* w - 1.01* σ 0.67 17.5 0.82 



 

174 
 

Figure 6.3 shows the relationships between maximum canopy height estimates 

using statistical regression models and field measurements of maximum canopy 

height.  

 

Figure 6.3: Relationships between maximum canopy height estimates using statistical regression 

models and field measurements of maximum canopy height. 

 

The analysis of correlation coefficients relationships between measured field of 

maximum canopy heights and those predicted from using waveform metrics in the 

statistical methods shows a significant high correlation for using waveform width in 

both liner and non-liner regression. Additionally, there was not much difference in 

correlation relationships between predicted MCH using terrain index in linear and 

non-linear regression and those obtained from using waveform width. Thus, it can 

be seen that both factors are considered to be good indicators of the effect of terrain 

slope on the waveform extent; and hence there is the possibility of using waveform 

width to predict these effects on the GLAS waveform extent in order to obtain more 

accurate results of maximum canopy heights using only GLAS waveform metrics. 
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Approaches of estimating vegetation structural parameters such as stand density 

and woody cover using satellite LiDAR large footprint were also tested in this 

study. It was found that the stand density volume calculated from each GLAS 

footprint (n=38) using volume-related GLAS waveform parameters had a strong 

relationship with stand density volume extracted from LiDAR airborne data 

resulted in r = 0.95 and RMSE of 0.98%. Moreover, woody cover can be estimated 

from GLAS waveform using the canopy ratio (rCanopy), which produced r value 

of 0.85 and RMSE of 11.8% with crown canopy cover estimates from field 

observations. 

 

In order to evaluate the ability of satellite LiDAR large footprint to estimate woody 

cover, a validating case was undertaken in another site in KNP using ALOS 

PALSAR RADAR data. It was found that estimated woody cover from GLAS 

waveform parameters has good correlation with ALOS L-band HH backscatter. 

This study provided the first step for future studies to combine the two satellite 

sensors (LiDAR and RADAR) for large scale estimation of vegetation woody 

cover. To validate the GLAS ability of estimating woody cover, a comparison with 

the GLAS ratio (canopy energy to ground energy) as a good indicator of the amount 

of woody cover, with those interpolated from the KNP woody cover map produced 

by Bucini et al. (2010), gave a significant correlation relationship of r = 0.59, 

RMSE=6.67% and p-value < 0.001 statistically significant for the entire usable 

GLAS footprints located in KNP (n=1212) (see Figure 6.4). The GLAS ratio 

increases with the increasing of the percent woody cover. 
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Figure 6.4: Estimate of crown canopy cover from GLAS waveform compared with woody cover 

percent extracted from woody cover map (Bucini et al, 2009). A significant correlation is found (p-

value < 0.001), supporting the ability of using GLAS parameters to estimate woody cover. 

 

6.2.2 Discussion of general results of utilizing spaceborne GLAS LiDAR 

system for estimating savannah vegetation structure  

 

 Savannahs are heterogeneous ecosystems that are characterized by two life forms: 

a continuous grass layer and scattered trees (Scholes and Archer, 1997). The spatial 

structure and composition of savannahs is controlled by several factors such as 

geological and climatologically factors at broad scale; and by topographical factors, 

rainfall and soil types at medium scales; and by herbivores and fire at finer scales 

(Pickett et al., 2003). Therefore, savannahs are spatially heterogeneous and hence 

highly dynamic over time. This structural variability presents challenges to the 

management and conservation of savannah ecosystems.   

 

Spaceborne LiDAR remote sensing techniques provide a mean of exploring 

vegetation changes over larger spatial areas in three-dimensional structures and 



 

177 
 

over time (Levick and Rogres, 2008). Accurate vegetation canopy characterization 

estimation from GLAS data will provide large scale estimates of biomass and also 

will help in providing elevation and roughness estimates for ground surface and 

relief. The table below (6.2) summaries the important GLAS parameters for a single 

waveform used for estimating savannah vegetation structural characteristics in this 

study.  

 

Savannah vegetation heights calculated from both GLAS waveforms products 

(GLA01 and GLA14) showed high correlation r of 0.92. However, manual 

investigations of the GLAS waveform showed that both methods could misestimate 

the predicted heights. To reveal this, comparisons of estimated vegetation heights 

with the classified GLAS waveforms in respect to their terrain slopes showed that 

direct methods work well over flat terrain, while sloped areas need statistical 

methods to develop regression models that incorporate the effects of terrain slope 

on the GLAS waveform extent.  
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Table 6.2: Parameters of a single waveform used for estimating savannah vegetation structural 

characteristics at footprint-level. 

 

Parameters 

 

Definition 

Physical explanation for 

vegetation structure/ground 

surface 

Waveform begin and 

waveform end 

The position where the 

beginning/ending of waveform 

crosses above/below a threshold 

value. 

Height estimator of vegetation 

canopy 

Waveform extent The distance between beginning and 

ending of a waveform. 

Maximum vegetation height 

Waveform distance The distance from the waveform 

beginning to the peak of the ground 

return or the last Gaussian peak. 

Top vegetation canopy height 

Number of Gaussian 

peaks 

The number of Gaussian peaks 

obtained from Gaussian 

decomposition method. 

Reflect the number of height 

levels corresponding to 

intercepted objects and earth 

terrain. 

Return waveform energy The received energy which usually is 

the area between beginning and 

ending of the waveform. 

Describe the surface roughness 

in relative values. 

Ground energy 

 

The total intensity of the last mode or 

ground peak 

Estimate the return energy from 

the ground 

Canopy energy The difference between return 

waveform energy and ground return 

energy 

Estimate the return energy from 

the canopy 

Ground return ratio The ground returns energy divided 

by canopy return energy. 

Estimate the degree of canopy 

closure. 

Canopy return ratio The canopy returns energy divided 

by return waveform energy. 

Estimate canopy cover. 

GLAS energy ratio Canopy energy to ground energy Estimates woody cover 

  

Table 6.3 shows the regression analysis R² results of using both direct and 

statistical methods in estimating MCH from GLAS waveform metrics and 

comparing the results with those MCH estimates from airborne LiDAR data and 

measured field MCH.  
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Table 6.3: Comparative analysis of the correlation coefficients of GLAS estimated heights with field 

measured heights and airborne LiDAR predicted heights. 

 

Data-

set 

Direct methods Statistical methods 

For sloped footprints 

GLA01 GLA14 Terrain 

index (g) 
Waveform 

width (σ) All GLAS 

footprints 

Flat All GLAS 

footprints 

Flat 

 

Air-

borne 

LiDA

R data 

Vs 

GLAS 

data 

n=38 

r = 0.68 

RMSE = 

2.67m 

p-value < 

0.001     

(statisticall

y 

significant) 

n=18 

r = 0.89 

RMSE = 

1.32m 

p-value < 

0.001     

(statistically 

significant) 

n=38 

r = 0. 71 

RMSE = 

2.61m 

p-value < 

0.001     

(statistically 

significant) 

n=18 

r =0.86 

RMSE 

=1.5m 

p-value < 

0.001     

(statistically 

significant) 

- - 

Field 

data 

Vs 

GLAS 

data 

n=23 

r =0.24 

RMSE= 

12.47m 

p-value > 

0.05      

(not 

statistically 

significant) 

 

n=12 

r =0.63 

RMSE = 

2.47m 

p-value < 

0.001   

(statistically 

significant) 

n=23   

r =0.39 

RMSE = 

8.47m 

p-value > 

0.05     (not 

statistically 

significant) 

 

 

n=12 

r=0.68 

RMSE 

=2.1m 

p-value < 

0.001     

(statistically 

significant) 

 

n=6 

r=0.88 

RMSE 

=14.5m 

p-value 

< 0.001    

(statistic

-ally 

signify-

cant) 

n=6 

r=0.82 

RMSE 

=17.5m 

p-value < 

0.001     

(statistically 

significant) 

 

 

As can be seen in the table above, direct methods could overestimate the vegetation 

heights, while more accurate results could be obtained when a classification for the 

GLAS waveforms is done. This can be better evaluated when a comparison of the 

GLAS estimated heights with measured field heights is done. This shows that the 

direct methods work well on the flat terrain while they produce underestimates of 

predicted values over sloped areas. Statistical methods using regression models that 

incorporated slope effects on the extracted heights showed a good correlation when 

compared with those measured heights. 

 

The results of using statistical methods indicate that it could be possible to rely on 

the calculated parameters from GLAS waveform, such as waveform width (σ), to 
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reduce the effects of terrain slope on the estimated heights without the need of 

ancillary data such as airborne LiDAR data to calculate the terrain index, which 

indicates for the slope effect on terrain. 

 

The approach of estimating stand density using GLAS calculated parameters of 

canopy return energy (eCanopy), return waveform energy (eEcho), and the LiDAR 

height (LH) showed a good correlation with those extracted from LiDAR airborne 

data producing  r value of 0.95 and RMSE of 0.98%. There was no collected field 

data to support these results. However, the initial results indicate the capability of 

calculating stand density from GLAS waveform metrics. 

 

Woody cover estimates calculated depending on the Gaussian fitting concept were 

applied to GLAS waveform. Canopy returns ratio, which indicates for the amount 

of woody cover in each GLAS footprint, was calculated by dividing the canopy 

return energy (eCanopy) by return waveform energy (eEcho) (Harding and 

Carabajal, 2005). Results compared to those estimates of airborne LiDAR data 

showed a significant correlation of r = 0.94. The same comparison was done using 

field estimates of woody cover, which also presents a highly correlation r = 0.84 

with the GLAS ratio. 

 

In order to evaluate this capability of GLAS waveform metrics in estimating woody 

cover, Spaceborne RADAR ALOS PALSAR data were used in another site of KNP 

to evaluate estimates of woody cover from GLAS waveform metrics with the L-

band HH backscatter. This presents promising results and provides the first step for 

future study to combine the two satellite sensors (LiDAR and RADAR) for large 
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scale estimation of vegetation woody cover. However, with regards to further study, 

caution should be taken in terms of field sampling data, developed algorithms, and 

other analysis methods. 

 

Table 6.4 shows the correlation coefficients r and RMSE for the comparison 

relationships between GLAS estimates woody cover with those estimates from 

airborne LiDAR, field and ALOS PALSAR data. 

 

Table 6.4: Comparative analysis of the correlation coefficients of GLAS estimated woody cover 

with estimates from field, airborne LiDAR data, and ALOS PALSAR data. 

 
 Field data 

estimates of 

woody cover 

Airborne LiDAR 

data of woody 

cover estimates  

RADAR ALOS PALSAR L-

band HH backscatter 

GLAS 

ratio 

r = 0.85  
RMSE = 11.80% 

p-value < 0.001     

(statistically 

significant) 

r = 0.93  

RMSE = 10.04% 

p-value < 0.001     

(statistically 

significant) 

r = 0.71 

 RMSE = 12.04% 

p-value< 0.001  

(statistically 

 significant) 

 

 

Again, these promising outcomes provide strong evidence of the ability to extract 

vegetation parameters of interest using GLAS waveform metrics. 

 

Airborne and spaceborne LiDAR waveform metrics related to canopy structure 

were studied in this research. In other words, the power of using LiDAR in 

vegetation studies depends on its capability to measure vegetation height profiles as 

well as heights of earth surface within plots along transects and hence providing a 

profile of vertical vegetation structure. Thus, several waveform metrics can be 

generated by characterizing the vertical structure of the LiDAR profile. This has 

been tested in this study by extracting waveform metrics of interest from 

spaceborne LiDAR waveform metrics. While the power of using RADAR 
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technology in vegetation studies lies in its capability of measuring the energy 

fraction of each pulse that is backscattered from limbs, trunks, forest canopy and 

ground surface in particular, polarization orientations, which allow rich information 

about the three-dimensional vegetation structure, have shown the sensitivity of L-

band backscattering coefficients to forest structural attributes such as wood volume 

and biomass (Ranson and Sun, 1994; Saatchi et al., 2007). From this approach, this 

study used the backscattering coefficients of HH and HV L-band to compare with 

woody cover estimates from GLAS LiDAR waveform metrics. The results were 

promising and thus permit further applications of using regression analysis by 

relating measured cross-polarized backscatter coefficients to LiDAR measures of 

woody cover to derive more accurate results.    

 

Overall, results of using spaceborne LiDAR GLAS waveform calculated 

parameters depending on Gaussian decomposition concept offer the potential for 

estimating vegetation parameters of interest over savannah landscape in KNP, and 

hence present a method that allows using the shape and the GLAS waveform 

metrics in broader application without the need of additional sources of data.  

 

ICESat-GLAS acquired data globally between 2003 and 2009 and this provides an 

incomplete coverage of the earth and hence may help in characterized vegetation 

vertical structure at GLAS footprint level. However, several studies attempted to 

associate the sparse LiDAR footprints with the ancillary variables to produce 

patches that share ecological parameters (Lefsky et al., 2005a; Boudreau et al., 

2008). A very recent study by Simard et al. (2011) proved that the possibility of 

using ICESat-GLAS to map forest vertical structure globally. The prediction map 
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shows a reasonable correspondence with field measurements from 66 FLUXNET 

sites and GLAS derived canopy height (RH100) from GLA14 product. The 

resulting map produces R² = 0.5 and RMSE= 6.1m; or R² = 0.7 and RMSE = 4.4m 

without 7 outliers). This map did not cover the selected study area for this research 

for comparison purpose. Future study should focus on driving map of canopy 

vegetation height for savannah ecosystems using only GLAS parameters.  

 

ICESat-2, which is currently being studied by NASA and will be lunched in 2015, 

will provide an important prospect for exploring changes in vegetation cover over 

time with the measuring of the three-dimensional structure of ground and 

vegetation surfaces. The  footprint size For the ICESat-2,  is a of approximately 50 

m and a sampling rate of 50 Hz with 140 m long track spacing. This will improve 

mapping of forest heights and biomass as the areas between tracks are filled in and 

the spatial density of observations increases (Abdalati et al., 2010).  

 

In general, vegetation science community, particularly in KNP, will benefit from 

the technology and methods applied on GLAS parameters in order to establish a 

regime that enhancing monitoring of the structural changes in woody vegetation 

over large spatial areas and hence establish the role of disturbance factors in 

altering the heterogeneity of savannah systems. This would improve understanding 

of where structural changes occur spatially and how this could help clarify the 

differential effects of disturbance factors such as fire, aridity, and large herbivores 

on vegetation structure (Levick and Rogers, 2008). The next chapter presents a 

summary of the presented work in this thesis and discusses the limitations and 

suggestions for future work. 
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CHAPTER SEVEN 
 

CONCLUSION AND FUTURE WORK 
 

This study has developed and evaluated methods for retrieving biophysical 

vegetation parameters from GLAS waveforms over savannah environment. It also 

looked at how the extracted GLAS attributes of savannah vegetation can be well-

matched with different datasets. This chapter gives an overview of the contributions 

of this research. 

 

7.1 Conclusions 

Growing recognition of the importance of the structural component of savannah 

landscapes diversity has highlighted the demand to understand the spatial 

distribution and temporal dynamics of woody plant structural diversity (Levick and 

Rogers, 2008).  

 

Remote sensing techniques offer the opportunity to monitor, quantify and 

investigate large scale changes in vegetated landscapes. However, monitoring of 

savannah vegetation ecosystems has traditionally taken place through field surveys, 

satellite images, or black and white aerial photography analysis (Levick and 

Rogers, 2008). Active remote sensing such as LiDAR and RADAR has experienced 

limited use in savannah ecosystems. However, there are a few studies that have 

shown empirical evidence for the potential of LiDAR and RADAR in these 

complex heterogeneously vegetated systems. These studies utilized small-footprints 

LiDAR data for estimating vegetation structure parameters (i.e., Levick and Rogers, 

2006; Wu et al., 2009); or the use of RADAR, specifically airborne RADAR data 

to monitor and map woodland savannah, namely, the intensive studies in the 
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Australian savannah woodland and open forest environment of Queensland by 

Lucas et al. (2004, 2006a, 2006b, 2006c and 2009).  

 

Despite the fact that the spaceborne LiDAR ICESat-GLAS was developed mainly 

for measuring ice sheet elevations and changes in elevation through time, it has 

been an active area of research in recent years, specifically in temperate and boreal 

forests; but has been insufficiently explored for ecological research in savannah 

ecosystems. For this purpose, the work in this thesis aimed to develop and validate 

methods for retrieving biophysical vegetation parameters from spaceborne LiDAR 

GLAS full waveforms over savannah environment.  

 

Identifying the signal returned by savannah vegetation and extracting the 

biophysical parameters of interest from the full GLAS waveform metrics were 

successfully accomplished.  

 

Two methods of retrieving savannah vegetation heights from GLAS data were 

explored based on Gaussian decomposition concept technique. As a result, it was 

found that the direct methods work well over flat areas, while over steep sloped 

areas with complex terrain, the ground peaks become broadened with less energy, 

which makes the identification of ground elevation difficult. Therefore, statistical 

methods were explored and developed over sloped areas, resulting in removing the 

effect of terrain slopes on the waveform extent.  

 

However, the regression models that were developed in this research were tested in 

the selected study site of savannah landscape in KNP. To the best of the author 
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knowledge, no research regarding spaceborne LiDAR data has been conducted in 

savannah ecosystems to allow for comparative analysis for the results of this 

research with other studies.  

 

From this approach, this work has compared the estimation of vegetation 

parameters derived from airborne LiDAR data and field measured vegetation 

heights with results from spaceborne GLAS LiDAR data, which show good 

correlations.  

 

ALOS PALSAR RADAR data was used to evaluate results of estimating woody 

cover from GLAS LiDAR waveform parameters in another site of KNP. This 

comparison showed a significant correlation between GLAS estimated woody 

cover and ALOS L-band HH backscatter, which is considered a good indicator of 

woody cover amount in each GLAS footprint. 

 

This thesis examined the ability of ICESat-GLAS to estimate vertical canopy 

structure over savannah landscape in order to characterize canopy structure over 

savannah vegetation landscapes in Kruger National Park in South Africa. The 

objectives of this thesis were: (i) to investigate the accuracy of level 2 altimetry 

products in comparison with reference data; (ii) to investigate GLAS footprint in 

details by conducting a field study to ascertain the potential of GLAS full 

waveforms for studying savannah structure in Kruger National Park (KNP); (iii) to 

develop and evaluate methods for driving vegetation structure parameters from 

large GLAS footprints LiDAR waveforms, which accounts for the discrepancies in 

canopy height estimation; (iv) to evaluate estimated GLAS waveform parameters 
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using field measurements, airborne LiDAR data, and spaceborne Synthetic 

Aperture RADAR ALOS PALSAR data. 

 

7.2 Contribution of this research  

Spaceborne satellite LiDAR data offer a means of providing a three-dimensional 

portrait of large scales of landscapes, which have previously only been inferred 

indirectly using optical remote sensing systems to analyse the vegetation 

reflectance properties.  

 

Despite the fact that spaceborne ICESat-GLAS has been an active area of research 

recently regarding vegetation applications and has proved its ability to retrieve 

vegetation structural parameters specifically in temperate and boreal forests (i.e., 

Ranson et al., 2004b; Lefsky et al., 2005a; Chen, 2010b; Duncanson et al., 2010), it 

has been insufficiently explored in savannah ecosystems. 

 

For this purpose, a new contribution is required to test the ability of spaceborne 

GLAS data to retrieve vegetation parameters from these more structurally sparse 

and complex vegetated ecosystems and thus, provide assessment of woody plant 

structures to adopt a multi-scaled spatially explicit approach to monitor changes in 

the savannah landscapes over time for better management and conservation 

strategies.  

 

In addition, this study showed that, over steep sloped areas, parameters extracted 

from GLAS waveform can be used to reduce the effect of terrain slopes using 
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statistical regression models without the need to use ancillary data such as airborne 

LiDAR data.  

 

Moreover, this research has tested and explored the potential offered by two active 

satellite spaceborne systems for retrieving woody vegetation estimates for assessing 

biomass and also other vertical structural elements. The possibilities to use both 

spaceborne LiDAR and RADAR systems offer a good opportunity for better 

vegetation monitoring on savannah ecosystems where recent monitoring 

programmes do not sufficiently deliver the necessary information regarding 

savannah vegetation structural variations.  

 

This work provides an important source of knowledge for the South Africa National 

Parks (SANParks) Authority and also provides the researchers and land managers 

with a powerful tool for utilizing the spaceborne LiDAR satellite ICESat-GLAS in   

an adequate spatially-consistent monitoring and assessment of mapping and 

monitoring woody vegetation structure of savannah landscapes which can 

contribute towards the biodiversity management goals of SANParks.  

 

7.3 Research limitations and future work  

Despite the significant findings explored in this work, several limitations with this 

study are worth addressing with regards to vegetation structural estimates using the 

spaceborne LiDAR data. For instance, the lack of field measurements of biomass to 

be compared with those estimates from LiDAR and RADAR data. Moreover, the 

time differences between airborne LiDAR data and both datasets - the GLAS data 

and field measured data. Airborne LiDAR data were acquired in August 2004 while 
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ICESat-GLAS data were acquired in February-March 2009. These seasonal and 

time differences may have resulted in changes in savannah vegetation structure due 

to fire regime or effects of large herbivores on vegetation in the selected plots, 

which could have changed the vegetation properties such as height, which most 

assuredly will affect other vegetation metrics. Furthermore, the selection of GLAS 

footprint, with respect to the available datasets of airborne LiDAR and RADAR 

data, does not allow for comparison of GLAS waveforms over vertically complex 

and heterogeneous areas (i.e. riparian zones) with waveforms over vertically simple 

and homogenous areas (i.e., mopane shrubveld).  

 

This study can be improved in many aspects; for example, coincident time and 

place for all the datasets used in this research. Furthermore, the results from using 

statistical methods could be supported by more field data collection. In other words, 

increase the number of the GLAS footprint samples with field data collection to get 

better validation of the statistical methods used to retrieve vegetation structure in 

this study. Nevertheless, GLAS proved to be a suitable spaceborne sensor for 

vegetation studies in savannah ecosystems and will provide a unique opportunity 

for large scale monitoring of vegetated savannah landscape structure and biomass. 

One important suggestion is that better analysis could be achieved if the footprint 

size is smaller than 70 meter, for example, 10 meter for better estimation of canopy 

height using both direct and statistical methods. Moreover, studying the seasonal 

variations for the GLAS waveform signal could help in classify the vegetation types 

of savannah landscape.  
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Finally, it is important to exploit other advanced satellite systems such as RADAR 

ALOS PALSAR and ALOS-2 (with two L-band, which will start to operate in 

2013) in combination with the second generation of LiDAR ICESat-GLAS2, for 

better monitoring and mapping of vegetation structure.  
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