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Abstract 

 

 Tropical forests are some of the most important ecosystems in the world, covering 10% of the land 

surface, and providing numerous ecosystem services. Of particular importance for climate change mitigation, 

and international policies such as REDD+, is the role tropical forests play in the global carbon cycle as large 

terrestrial carbon storehouses. Yet our knowledge and understanding of these ecosystems is limited, 

compared to boreal and temperate forests. The use of Light Detection and Ranging (LiDAR) offers high 

resolution structural assessments of forests, which can be used for making biomass estimates. However, 

understanding of the uncertainties related with this approach is still in development, and requires further 

research for application in tropical forests. 

 For this research a 30m
-2

 plot of rainforest was recreated from field-inventory data collected in Lope 

National Park, Gabon. This was achieved through the generation of ecologically sound 3D tree models, built 

in OnyxTREE, the use of which allows a precise analysis of uncertainty sensitivity. Following this, Monte-

Carlo Ray Tracing, Librat, was used to simulate Airborne LiDAR for the scene, using a range of variable 

configurations. This methodology has been proven effective for use in validation studies, when combined 

with field-inventory data. The simulated Full-Waveform data was converted to Discrete-Return LiDAR, which 

was used to create aggregated datasets through a ‘traditional’ Bin-Method, and through the use of the Muss 

et al. (2011) algorithm for generating Pseudo-Wave LiDAR. These datasets were created for a range of 

vertical resolutions; 0.1m, 0.25m, 0.5m, 1m, 2m, 3m, 4m, and 5m; to test the impact that vertical resolution of 

the aggregated data, has upon uncertainty of biomass estimates. Uncertainty sensitivity was analysed 

through the RMSE, and the bias for estimating the total biomass within the scene using four different 

estimation models. The aim was to determine which vertical resolution makes the most realistic 

representation of canopy vertical structure, minimising biomass uncertainty. 

 This research found that although the uncertainty due to vertical resolution is dependent upon a 

number of other factors such as footprint resolution and model selection, each displaying a different degree 

of sensitivity. Uncertainty can be minimised through an optimal choice of vertical resolution, and on occasion 

perform more accurately than Full-Waveform LiDAR. It was found that a vertical resolution between 3m and 

5m produces a more accurate representation of the vertical canopy structure, for use in tropical forest 

biomass estimates. 
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Chapter 1: Introduction 

 

1.1: Context 

 Tropical forests are some of the most important ecosystems in the world due to the range of 

ecosystem services provided (Mitchard et al. 2009). Yet our understanding of these ecosystems is still 

comparably limited, despite growing concern over the impacts of climate change (Lewis, 2006). Of particular 

importance is tropical forests’ as large carbon storehouses and the role this plays within the global carbon 

cycle (Clark et al. 2011). As the importance of carbon storage becomes realised on the political stage, 

attention has turned to increasing our understanding of tropical forest dynamics (Olander et al. 2008). 

 LiDAR (Light Detection and Ranging) Remote Sensing provides unrivalled opportunities for the 

measurement and monitoring of forest ecosystem carbon dynamics, by providing high resolution structural 

assessments of forests. Research and development into the use of Airborne LiDAR for making biomass 

estimates has been focussed on homogenous forests in temperate and boreal regions, with relatively few 

studies concentrating on tropical regions (Clark et al. 2011; Drake et al. 2002). The structural complexity of 

tropical forests is part of the reason why their carbon dynamics are poorly understood, and therefore the 

need to realign the focus of LiDAR biomass research on tropical forests is apparent (Taylor et al. 2008; 

Gibbs et al. 2007; Drake et al. 2002). There are many remaining questions, which if answered can improve 

the understanding of LiDAR biomass estimation uncertainty, leading to greater confidence in those estimates 

(Mitchard et al. 2012). 

 Within the operational use of LiDAR systems for estimating forest stand-level biomass Discrete-

Return LiDARs are more common than Full-Waveform, with the aggregation of LiDAR over larger footprints 

one of the favoured approaches (Muss et al. 2011; Gobakken and Naesset, 2004; Donoghue et al. 2007). 

However there are a number of known issues with these processes, including difficulties formulating 

hypotheses and physically based explanations for the derivation of biomass models (Muss et al. 2011). Little 

attention has been given to the vertical resolution of these quantiles and the uncertainty this can introduce to 

estimates of Above-Ground Biomass. This is important due to the structural complexity of tropical forest 

ecosystems, and a proper assessment of this aspect of LiDAR biomass uncertainty is required in order to 

properly account for this complexity (Gibbs et al. 2007). 
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1.2: Project Aims, Research Questions, and Hypotheses 

 The projects aims for this research are to explore the extent to which uncertainty in LiDAR biomass 

estimates of tropical forests is influenced by the vertical resolution used in the aggregation process. This will 

be achieved through an analysis of biomass RMSE and bias. Therefore, the objective is to answer the 

following questions: 

 How is the uncertainty of tropical forest biomass estimation influence by the vertical 

resolution of aggregated Airborne LiDAR data? 

 Which vertical resolution provides the optimal result? 

 How does the uncertainty sensitivity due to vertical resolution compare with other sources of 

uncertainty? 

To answer these research questions, the following hypotheses are proposed for testing: 

1. The optimal RMSE is produced by: 

a. The finest vertical resolution tested. 

b. The coarsest vertical resolution tested. 

c. A specific vertical resolution, either side of which RMSE increases. 

d. No one specific vertical resolution for all cases, with RMSE dependent upon other factors. 

2. The optimal bias is produced by: 

a. The finest vertical resolution tested. 

b. The coarsest vertical resolution tested. 

c. A specific vertical resolution, either side of which the bias increases. 

d. No one specific vertical resolution for all cases, with the bias dependent upon other factors. 

3. The sensitivity of uncertainty to vertical resolution is: 

a. Consistent across all LiDAR scenarios tested; 

b. Dependent upon the data used to estimate biomass; 

c. Dependent upon the biomass model used; 

d. Dependent upon the aggregated Footprint Resolution; 

e. Dependent upon the Discrete-Return triggering mechanism; 

f. Dependent upon LiDAR point density; 

 The adoption of multiple working hypotheses is important when carrying out research, as it prevents 

a ‘tunnel-vision’ approach, and enables a well-rounded argument to form, ensuring a critical testing of the 

hypotheses (Dugmore, 1987).  To achieve this, the research will utilise 3D tree modelling and LiDAR 

simulations to generate LiDAR data which will be aggregated through the use of the Muss Pseudo-Wave 

Algorithm. Ch.2 will discuss the context of this research and its importance, with a full description of the 

methods and data covered in Ch.3. A presentation of the results will be made in Ch.4, and further discussed 

in Ch.5. The study will conclude by reassessing the above hypotheses with respect to the findings in Ch.6. 
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Chapter 2: Literature Review 

 

2.1: Tropical Forest Biomass 

2.1.1: Tropical Forests and the Global Carbon Cycle 

 Tropical forests are some of the most important ecosystems in the world, and cover approximately 

10% of the Earth’s land surface. Ecosystem services provided include a hub for biodiversity, climate 

moderation, soil and water regulation, a significant component of the global carbon cycle, and livelihoods for 

millions of people (Lewis, 2006; Mitchard et al. 2009; Clark et al. 2011). Yet, despite their obvious 

importance tropical forest dynamics are poorly understood, in part due to structural and biological complexity 

(Taylor et al. 2008; Brolly et al. 2012). 

 Forest dynamics have significant consequences for the carbon cycle because they are highly 

productive and carbon-dense; small changes within tropical forest ecosystems can result in major 

environmental changes (Mitchard et al. 2011a; Lewis, 2006; Pan et al. 2011). Although political interest in 

the links between tropical forests and climate change mitigation is growing, we currently lack the necessary 

data to map forests at the resolution required (Lewis et al. 2009; Macauley and Sedjo, 2011; Olander et al. 

2008). An improved understanding of global carbon dynamics is one of the most important current scientific 

and societal issues (Morsdorf et al. 2009). To achieve the necessary understanding, mapping of terrestrial 

carbon sinks is required; however it needs to be accompanied by a low-cost and robust method for large-

scale monitoring (Morsdorf et al. 2009; Mitchard et al. 2009). 

 

2.1.2: Deforestation and Land-Use Change 

 One of the biggest influencing factors affecting tropical forest carbon dynamics is deforestation and 

degradation, which account for up to 20% of greenhouse gas emissions (Lewis, 2006; Olander et al. 2008; 

Saatchi et al. 2011). Deforestation is defined as forest loss below a 10-30% threshold, with degradation the 

loss of biomass above this threshold (Olander et al. 2008). The largest and most vulnerable pool of carbon is 

Above-Ground Biomass (AGB), as this is directly implicated by land-use change (Gibbs et al. 2007; Djuikouo 

et al. 2010). Logged-forest is often observed as being in a transitional state, eventually degrading further 

causing forest loss through shifts in structure and dynamics (Lewis, 2006). The causes for tropical 

deforestation are many, and whilst the explicit causes are geospatially heterogeneous, the overarching 

causes are global (Ryan, 2009). 

 Current land-use change data is provided by the FAO; however this tends to be country-level and 

can be highly uncertain, inconsistent, or missing data (Lewis, 2006; Olander et al. 2008). Clark et al. (2011) 

have shown that regional differences between FAO data and other sources can reach up to 40 MgC Ha
-1

, 

partly because deforestation and degradation vary widely on a sub-national scale (Earles et al. 2012). To 

fully understand the carbon dynamics in tropical forests, and to facilitate economic forest conservation policy, 

accurate assessments of AGB are needed (Clark et al. 2011; Olander et al. 2008). 
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2.1.3: Reducing Emissions from Deforestation and Degradation (REDD+) 

 Land-use change has long formed an economic backbone for countries; however international 

pressure on tropical countries to reduce deforestation is increasing (Brown et al. 2005). In order to reconcile 

the global need to reduce tropical deforestation, with the economic needs of some of the world’s poorest 

countries, financial compensation schemes have been devised to allow developing nations to reduce 

deforestation whilst meeting their development needs (Mitchard et al. 2012). The flagship mechanism is 

‘Reducing Emissions from Deforestation and Degradation’ (REDD+), which is designed to operate within the 

legislative boundaries of the Kyoto Protocol (GOFC-GOLD, 2009; Parker et al. 2009; UN-REDD, 2012). A 

number of technical issues must be overcome for REDD+ to succeed; as regular monitoring is required to 

produce spatially explicit maps of forest biomass and carbon storage (Fisher et al. 2011; Brown et al. 2005; 

Mitchard et al. 2012). In addition to this, there is a requirement for data on leakage, which is the 

displacement of deforestation due to project implementation (Fisher et al. 2011). Until recently REDD+ had 

been limited by the coarse resolution and inconsistency of data, however advances in the assimilation of 

ground-based and Remote Sensing measurements are improving the quality of available data (Fisher et al. 

2011; Macauley and Sedjo, 2011; Gibbs et al. 2007). 

 

2.2: Biomass Estimation 

2.2.1: Overview 

 Biomass is the dry weight of living tissue of a plant, measured in metric tons or kilograms, where the 

carbon content is assumed to be 50% of the total biomass (Bortolot and Wynne, 2005; Chave et al. 2005). 

AGB is estimated to contain 70-90% of the total forest biomass, and can thus be used as a surrogate for 

estimating forest carbon (Chave et al. 2005; Drake et al. 2002; Saatchi et al. 2011). Regular estimates of 

forest biomass are important as they provide a clear indication of carbon dynamics (Garcia-Gutierrez, 2011; 

Popescu, 2007). Mapping biomass over large areas is challenging, particularly in tropical forests which tend 

to be high-biomass, causing large uncertainties (Mitchard et al. 2012; Houghton, 2005). 

 The only method for directly measuring biomass is through ‘destructive sampling’, where the tree is 

felled, dried, and weighed; however this method is not suitable for forest conservation (Garcia-Gutierrez, 

2011; Gibbs et al. 2007). Therefore biomass estimation is performed, through the use of biophysical 

parameters such as Tree Height and Diameter-at-Breast-Height (DBH) (Rosette et al. 2012). 

 Forest structure is the physical distribution of vegetative matter in three-dimensions, of which AGB is 

a key variable and can improve understanding of the global carbon cycle (Drake et al. 2002; Shugart et al. 

2010). Advances in forest structural research will provide an understanding of the environmental factors 

driving the dynamics of forest ecosystems, through improved quantification of the biomechanical support 

which gives forests their unique structure (Chave et al. 2009; Niklas, 2004). Improved spatially explicit 

knowledge of AGB will allow easier identification of forest carbon change-drivers in a spatio-temporal context 

(Mitchard et al. 2012; Popescu, 2007; Houghton, 2005). Spatially explicit estimations of forest biomass can 

be achieved either through extrapolation of field-inventories, or larger-coverage Remote Sensing (Rosette et 

al. 2012; Malhi et al. 2006). 
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 To convert forest inventory data into biomass estimates regression models known as ‘allometric 

equations’ are used, which are built upon the strong relationships between diameter, height, and volume 

(Chave et al. 2005; Brolly et al. 2012; Magnussen et al. 2012). Allometric equations are generally species 

specific, however tropical forests have such a high diversity of tree species, this approach is impractical and 

mixed-species allometric relationships must be used (Shugart et al. 2010; Chave et al. 2005). These 

allometric relationships have been shown to produce reliable biomass estimates, and can conserve allometry 

across regions or even continents (Gibbs et al. 2007; Chave et al. 2005). 

 The pan-tropical allometric relationships devised by Chave et al. (2005) use proportional 

relationships between AGB and diameter, wood specific gravity, height, and forest type, in descending order 

of importance. Numerous models have been published in academic literature which utilise a whole range of 

tree variables, however it is widely recognised that the Chave et al. (2005) relationships are the best. These 

models however, require a knowledge DBH, wood density, and tree height which for some data collection 

methods, such as LiDAR, may not be available. 

 One of the key uncertainties within allometric relationships is an overestimation of biomass for large 

trees (Baker et al. 2004b). This is as a result of few large trees being included in the harvesting stage of the 

model development (Chave et al. 2005). Another key uncertainty for many biomass models is the exclusion 

of tree height; Feldpausch et al. (2012) found that the inclusion of height could reduce uncertainty by more 

than 75% once propagated over large areas. Trees with a DBH below 10cm are ignored when taking field-

inventories, yet it has been found that these plants can contribute approximately 6.2% biomass to the total 

forest plot biomass (Malhi et al. 2006). These uncertainties, amongst others, result in the propagation of 

error through to estimates of forest carbon (Houghton et al. 2005). 

 

2.2.2: Plot-Based Estimates of Biomass 

 Many of the allometric relationships are built to be directly compatible with data provided through 

field-inventories, giving a distinct advantage over alternative methods (Baker et al. 2004a; Magnussen et al. 

2012). The standard guidelines for collecting data from plot-based studies means that this data can be 

directly compared and collated into databases with limitless potential for data sharing enabling large-scale 

collaborative research into forest ecosystem dynamics (Mitchard et al. 2009; Peacock et al. 2007). Such 

projects have already been implemented to great success; e.g. RAINFOR (Amazon), and AfriTRON (Africa) 

(Lopez-Gonzalez et al. 2011). 

 Although plot-based inventories provide a near-complete specification for the vegetation state, the 

data is highly localised in time and space, and extrapolation over large areas is not always applicable 

(Houghton, 2005; Antonarakis et al. 2011). Even within small regions there can be noticeable differences 

between the characteristics of forest plots, as highlighted by Djuikouo et al. (2010) who found that despite 

common dominant species between three sites in Dja Biosphere Reserve, Cameroon each had different 

structural characteristics. The direct measurement approach of plot-based data can be time, labour and cost 

expensive, particularly to adequately monitor large areas of tropical forest at the recurrence required for 

schemes such as REDD+ (Houghton, 2005; Rosette et al. 2012). 
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2.2.3: Remote Sensing Estimates of Biomass 

 Current knowledge of terrestrial ecosystem carbon dynamics has almost exclusively been extracted 

from field inventories (Antonarakis et al. 2011; Mitchard et al. 2012). To provide information of the desired 

spatial extent for regional-scale analysis, Remote Sensing techniques must be employed (Antonarakis et al. 

2011; Garcia et al. 2010). Through a combined use of LiDAR, Synthetic Aperture Radar (SAR), and passive 

Remote Sensing, spatially explicit data on forest biomass can be produced (Antonarakis et al. 2011; Garcia 

et al. 2010; Lewis, 2007). The data produced can be assimilated with field-inventories, through spatial-

interpolation to constrain biomass estimates (Mitchard et al. 2009; Shugart et al. 2010). Remote Sensing 

monitoring meets the spatially explicit needs to monitor the variable nature of forest characteristics such as 

biomass (Saatchi et al. 2011; Clark et al. 2011). Such is the growth of Remote Sensing; it is already widely 

recognised as the future for monitoring global carbon dynamics (Clark et al. 2011). 

 AGB is generally described through leaf scattering or volumetric definitions of canopy structure; 

volume is a good proxy because it is not possible to directly measure biomass from Remote Sensing 

techniques (Lewis, 2007; van Leeuwen and Nieuwenhuis, 2010; Morsdorf et al. 2009). There are two major 

approaches for using Remote Sensing data to estimate biomass on regional scales; the first is through the 

development of direct statistical relationships, such as those utilised with radar data. The other method 

commonly employed is land-cover classification, primarily with passive optical Remote Sensing data, where 

each forest type is given an AGB value per area (Mitchard et al. 2012). This indirect approach is based upon 

empirical relationships between measured or modelled biophysical parameters and observations made from 

Remote Sensing platforms (Lewis, 2007). A major limitation of this is that the relationships can be sensitive 

to multiple parameters, and lack generality, requiring recalibration for different vegetation types (Lewis, 

2007). 

 The use of L-band SAR to estimate biomass has been widely employed, as the characteristics of 

radar backscatter are dependent upon the structure of the surface being observed (Mitchard et al. 2011a; 

Antonarakis et al. 2011). Biomass estimates from cross polarised radar is accurate for AGB up to 

approximately 150Mg ha
-1

, after which the signal tends to saturate (Mitchard et al. 2009). This can be a 

problem for forest monitoring as 81% contain biomass above this level, for example tropical forests, which 

are the most carbon rich forest ecosystems (Brolly et al. 2012; Gibbs et al. 2007). 

 Light Detection and Ranging (LiDAR) can be used to measure the volumetric structure of a forest, 

and can therefore be used to estimate biomass (Hancock et al. 2008a). LiDAR biomass estimates operate 

by finding a relationship between canopy or stand-descriptive height, and AGB (Brolly et al. 2012). Airborne 

LiDAR systems can often resolve individual trees, with many biomass models built upon this basis (Clark et 

al. 2011). However, Airborne LiDAR can also be used to estimate stand-level biomass, which does not 

require tree delineation and can produce comparable estimates of biomass (Muss et al. 2011). The real 

value of stand-level biomass estimation is that it can be easily extrapolated to regional-scale studies when 

combined with field data (Rosette et al. 2012). 
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 It is argued that to produce the most accurate estimation of biomass, a combination of data sources 

is required, as this allows the benefits of one method to mitigate against the limitations of another 

(Antonarakis et al. 2011; Clark et al. 2011; Popescu, 2007). However, there is no universally accepted 

methodology for estimating biomass using Remote Sensing, despite a consensus for field-based biomass 

estimation (Mitchard et al. 2009). The error and uncertainty of Remote Sensing data is often poorly 

characterised, and can propagate through to the biomass estimation. In order to improve this it is important 

to properly understand and account for the sources of uncertainty (Olander et al. 2008). 

 

2.3: Light Detection and Ranging (LiDAR) 

2.3.1: Principles of LiDAR 

 LiDAR measures the distance between a sensor and target object by emitting a laser pulse, similar 

in operation to RADAR, which is partially reflected by the object, with the return measured using a receiver 

(Fig.2.0) (Woodhouse et al. 2011). Two main advantages to LiDAR systems over passive Remote Sensing, 

is that they can operate at any time of day, and they observe in the retro-reflection direction (‘hotspot’), thus 

minimising shadowing effects (Disney et al. 2009). 

 

Fig.2.1: Demonstrative Figure of LiDAR Operation. Source: Penn State University (2012), ASPRS 

 The distance to the target object is from a LiDAR platform is determined by measuring the time taken 

for the pulse to return to the system, using the following equation: 

   
 

 
           (Jensen, 2007) 

Where R is the range, t is the time, and c is the speed of light, the divisor of 2 is used because the time 

measured is the time taken for the pulse to travel to the object and back again. 
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 The design of LiDAR systems incorporates an opto-mechanical scanning mechanism, which has to 

account for the two beam nature of active Remote Sensing (Wehr and Lohr, 1999). A LiDAR system is 

roughly divided into three key units, the processing unit, the scanning unit, and the ranging unit where the 

laser pulse is emitted and received (Wehr and Lohr, 1999). The divergence of the laser beam controls the 

size and shape of the laser footprint, and therefore the Instantaneous Field Of View (Wehr and Lohr, 1999). 

LiDAR receivers are designed to measure the return intensity, which is dependent upon the radiometric 

properties of the illuminated object (Rosette et al. 2012). The point at which the LiDAR system begins to 

record the received signal is called the ‘triggering point’, and is used to differentiate between background 

electromagnetic radiation and the return pulse. The triggering mechanism of different LiDAR systems is 

classed as confidential by the commercial providers of LiDAR systems (Disney et al. 2010). 

 

2.3.2: Sensor Platforms 

 There are three types of LiDAR system; Terrestrial, Airborne, and Spaceborne LiDAR (Rosette et al. 

2012). Of these three, only terrestrial and airborne systems are currently operational; however spaceborne 

systems have been used previously e.g. GLAS on-board IceSAT (North et al. 2008; Rosette et al. 2012). 

Spaceborne LiDAR has the potential to augment the other LiDAR methods to improve the quality of the data 

produced (Disney et al. 2009). Terrestrial LiDAR systems are widely used for surveying, and have increased 

in use for forest studies in recent years (Watt and Donoghue, 2005). Airborne LiDAR is widely recognised as 

providing the most cost-effective method for monitoring forests, with use increasing over the past 30 years 

(Rosette et al. 2012; Muss et al. 2011). 

 

2.3.3: System Types 

 The most common type of LiDAR system is Discrete-Return LiDAR, which records the first and last 

returns from a target, which in a forest is the canopy-top and ground (Fig.2.0) (van Leeuwen and 

Nieuwenhuis, 2010; Rosette et al. 2012). However due to the reflective properties of canopy materials, it is 

highly unlikely that the first recorded return will be from the absolute tree-top, similarly there is a chance that 

the laser pulse may not reach the ground (Disney et al. 2010). Another limitation to the use of Discrete-

Return LiDAR is that you are unable to determine canopy features (Hancock et al. 2011). 

 This can be overcome by using Full-Waveform LiDAR instruments, which are designed to record 

multiple returns at very high vertical resolution, producing a ‘waveform’ of light intensity against range 

(Hancock et al. 2011). It has been shown that forest canopy structural information from Full-Waveform 

LiDAR data is statistically indistinguishable from field measurements (Drake et al. 2002). Despite these 

obvious benefits, the majority of Full-Waveform LiDARs are only used within scientific research, primarily due 

to the high instrumental costs (van Leeuwen and Nieuwenhuis, 2010). 
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 Another key characteristic of a LiDAR system is the footprint size, with a choice between small and 

large footprints. Small footprints tend to have a diameter of 5-50cm and a high point density, which for the 

case of Discrete-Return LiDAR multiple heights can be aggregated into a height profile over a larger area 

(Drake et al. 2002; Muss et al. 2011; Clark et al. 2011). However there are issues relating to the use of small 

footprint LiDAR, including no assurance that the top of the tree would be hit by the laser pulse (Rosette et al. 

2012). Small footprint LiDARs also require extensive flying to achieve the same coverage as large footprint 

LiDAR, thus incurring high operational costs (Bortolot and Wynne, 2005). Yet despite these limitations, it has 

been shown that small footprint LiDAR can produce very accurate estimations of biomass, though 

operational application has yet to become widespread (Bortolot and Wynne, 2005; Popescu, 2007). As 

advances are made in data storage, the opportunity to utilise small-footprint, Full-Waveform LiDAR will 

increase, however software development will be required to realise the full potential of such systems 

(Rosette et al. 2012). Large footprint LiDAR can have a diameter of 50cm-25m, this is ensures that the 

footprint size is closer to the crown-diameter, thus increasing the likelihood that the pulse will strike the top of 

the canopy (Drake et al. 2002). This is a key advantage over small footprint LiDAR, and also reduces the 

flight time as coverage is increased, in turn reducing operational costs (Disney et al. 2010; Drake et al. 

2002). However, the draw-back to large footprint LiDAR is that there is less energy per unit-area, and 

therefore the Discrete-Return trigger point will be lower in the canopy, thus reducing the mean canopy height 

measurement (Disney et al. 2010). Another limitation of large footprint LiDAR is that it may not be possible to 

resolve individual trees, thus reducing the spatial resolution of the data acquired (Rosette et al. 2012). 

 Although the majority of operational LiDAR systems are Discrete-Return, a method for producing a 

synthetic waveform, otherwise known as a Pseudo-Wave, has been suggested (van Leeuwen and 

Nieuwenhuis, 2010; Muss et al. 2011). This is performed through an aggregation process of high density 

LiDAR, and although the nature of Discrete-Return LiDAR means that a waveform cannot be fully recreated, 

it has been shown that a Pseudo-Wave has a strong correlation for nearly all tree measurements and can be 

used successfully (Muss et al. 2011). 

 

2.3.4: LiDAR use in Forest Research 

 Airborne LiDAR has been used for over a decade to retrieve forest parameters, making it a valuable 

tool for forest monitoring (Wallace et al. 2012; Wulder et al. 2008). Both Full-Waveform and Discrete-Return 

LiDAR have been used at the stand and individual tree level (Popescu, 2007). Stand-level approaches can 

be implemented over large areas with LiDAR coverage by making use of established empirical relationships 

between forests parameters and biomass (Garcia-Gutierrez, 2011; Rosette et al. 2012). It is important to 

integrate LiDAR measurements with field-data, as this allows the models to be locally calibrated, thus 

reducing uncertainty (Muss et al. 2011). LiDAR can also be used to overcome problems of radar saturation, 

and has been shown to far exceed the capabilities of passive Remote Sensing (Drake et al. 2002; Gibbs et 

al. 2007; Hancock et al. 2011). 
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 The use of LiDAR is transforming the way that forest change detection is performed, whilst reducing 

large-scale monitoring costs (Garcia-Gutierrez, 2011; Clark et al. 2011). Although LiDAR provides canopy 

height measurements, this can be used to estimate DBH, stand basal area, and stem density, all of which 

can contribute to biomass estimation (North et al 2008; Muss et al. 2011). The ability of LiDAR to make 

measurements of vertical canopy structure allows variables relating to the vertical arrangement of canopy 

material to be estimated with a low-to-medium uncertainty (Shugart et al. 2010; Gibbs et al. 2007; Macauley 

and Sedjo, 2011). As a result, LiDAR has the potential to improve biomass estimates, as demonstrated 

within recent work in temperate forests though requires further testing in tropical forests (Macauley and 

Sedjo, 2011; Houghton, 2005; Drake et al. 2002). 

 

2.3.5: LiDAR Forest Biomass Estimation 

 Key information on the vertical distribution of canopy material provided by LiDAR can be used to 

make efficient estimates of biomass (North et al. 2008; Clark et al. 2011; Jochem et al. 2011). There are 

many methods which have been developed to calculate biomass from LiDAR data, the majority of which 

have been developed in temperate or boreal forests, but are also applicable for use in tropical forests (Clark 

et al. 2011). This section will provide a brief overview of the use of LiDAR for making biomass estimation, 

with more detail on the models used to test the hypotheses of this research. 

 Allometric relationships can be related to LiDAR metrics through regression models, which are 

developed to provide an optimal method of relating key structural characteristics to biomass (Garcia et al. 

2010; Chave et al. 2005; Garcia-Gutierrez, 2011). The LiDAR metrics themselves are derived either through 

deconvolution and Gaussian decomposition or through the use of canopy height averages and frequency-

based analysis (Hancock et al. 2008a; Muss et al. 2011). Both individual-tree and stand level biomass 

estimates have been shown to accurately estimate the spatial distribution of forest biomass (van Leeuwen 

and Nieuwenhuis, 2010; Bortolot, 2006). Despite a large number of biomass models developed for individual 

trees, stand-level approaches are becoming more widely used (Rosette et al. 2012).  

 Muss et al. (2011) developed their biomass model within the development process of their Pseudo-

Wave algorithm. They compared the use of a traditional Bin-Method approach with their Pseudo-Wave, 

using either the frequency or the intensity data for each aggregated height bin. They found that the intensity 

wave produced results which were at least comparable to the frequency wave, and that their Pseudo-Wave 

method produced more accurate results than the Bin-Method approach. Of the models which they 

developed, the model which performed best for estimating AGB had an R
2
 value of 0.74 and used the 

frequency wave: 

  (   )            (
   

   
)      
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 The biomass models developed by Garcia et al. (2010) compared different combinations of height 

and intensity data, studying the impact upon biomass estimation. They developed their model as part of a 

suite designed to estimate total AGB, and biomass fractions. The model which combined both height and 

intensity produced the best results for total AGB, and following calibration with allometric equations it had an 

R
2
 value of 0.67, with p50h relating to the 50

th
 height distribution percentile, and %intP25 the intensity of the 

25
th
 height distribution percentile: 

  (   )                (
 

    
)        (       ) 

 Tree height can only be defined as the distance between the maximum point vertically and the 

ground (Brolly et al. 2012). However, when calculating biomass on the stand level, maximum height is a poor 

indicator and tends to bias the result in favour of larger trees, therefore it is argued that an average canopy 

height is a better indicator of forest volume (Brolly et al. 2012). There are multiple ways to describe the 

average height of a forest stand, and it has been shown that when estimating biomass, Lorey’s height, the 

mean of the maximum tree heights weighted by their basal area, is the optimal average height description as 

it is less affected by planting density (Brolly et al. 2012). It is calculated using the following model (Mitchard 

et al. 2012): 

       
∑      

 
   

∑    
 
   

 

 From this basis Saatchi et al. (2011) developed their model for biomass estimation at the stand level, 

using a simple power model developed through a data fusion method based upon the maximum entropy 

approach for extrapolating AGB from inventory plots and LiDAR to a regional-scale, which was found to have 

an R
2
 value of 0.85 (Saatchi et al. 2011): 

            
   

 The LiDAR metric ‘Height of Median Energy’ (HOME) was found to be sensitive to the vertical 

arrangement of canopy material giving it strong potential for estimating tropical forest structural 

characteristics such as AGB (Disney et al. 2010; Drake et al. 2002). HOME is the median height of the entire 

signal, including the ground segment, and is determined through the cumulative energy distribution (Rosette 

et al. 2012). Drake et al. (2002) developed their biomass model around the use of this variable, with their 

model reporting an R
2
 value of 0.53: 

   (   )                

 Although tree height and biomass are well characterised by LiDAR, there are a number of known 

uncertainties (Wulder et al. 2008; Brolly et al. 2012). The accuracy of LiDAR biomass estimates is dependent 

upon the combination of metrics used, and is calculated by determining the difference from the true mean 

biomass (Bortolot, 2006; Saatchi et al. 2011). There is a well-documented underestimation for LiDAR 

biomass estimates which has been attributed to error in estimating tree height due to background noise, 

necessitating the use of a threshold for identifying tree tops (Morsdorf et al. 2008; Hancock et al. 2011; 

Hancock et al. 2008b). This problem is compounded by complex topographic features which can cause 

difficulties in identifying the ground return (Hancock et al. 2008b). Dense canopies can also cause significant 

problems as there is a high likelihood of little signal reaching the ground, which is an issue for tropical forests 

as they are typically characterised by complex under-canopies (Hancock et al. 2008b; Shugart et al. 2010). 



12 

 

2.4: LiDAR Computer Simulations 

 Through the use of detailed, ecologically sound 3D tree models to recreate forest canopies, LiDAR 

simulations can be implemented to test a range of scenarios for different configurations (Disney et al. 2009; 

2010; Morsdorf et al. 2009). If the structure of a forest canopy can be explicitly described in three-

dimensions, then models can be used to describe canopy radiometric response and therefore scattering 

behaviour (Disney et al. 2006). Computer simulations can be used for validation studies, complementing 

LiDAR surveys, as the true parameters of the virtual forest are known, in contrast to reality which introduces 

further uncertainties (Disney et al. 2010; Hancock et al. 2008a). Unlike analytical models which are fast to 

run yet limited in scope, explicit 3D model simulations require very few assumptions and are therefore useful 

for quantifying uncertainty for a range of LiDAR scenarios (Disney et al. 2000; 2010; Hancock et al. 2008a; 

2008b). Although these simulations are computationally expensive, they offer the advantage of enabling 

precise analysis of uncertainty (Hancock et al. 2008b; Huang et al. 2009). In addition to this, 3D simulations 

can be used to perform sensitivity analysis of uncertainty to specific variable configurations, which would not 

be possible in reality (Huang et al. 2009). 

 There are three main types of 3D simulation model which can be used for these purposes; they are 

the radiosity model, 3D radiative transfer modelling, and Monte-Carlo Ray-Tracing (MCRT) (Huang et al. 

2009). The MCRT approach has been established as an invaluable tool for canopy reflectance modelling, 

and is inherently suited to clarifying photon behaviour between different materials as it is intrinsically 

stochastic (Disney et al. 2000; Ding and Arai, 2009). It has been shown to be versatile for application in a 

number of disciplines, with the specific application of reverse ray-tracing shown to be effective for Remote 

Sensing (Ding and Arai, 2009; Disney et al. 2000). MCRT operates by sampling photon trajectories within a 

scene, where photons are either scattered or absorbed by canopy objects (Disney et al. 2000). The radiative 

transfer regime is stochastically estimated through solving sampled ray interactions and by estimating 

escape probabilities (Disney et al. 2010; Huang et al. 2007). MCRT can simulate Full-Waveform LiDAR, and 

operates effectively for structurally complex forest scenes (Hancock et al. 2008a; Disney et al. 2006; Huang 

et al. 2009). This approach can be simplified by segmenting the description of canopy reflectance into five 

key elements: the structure of scene elements; their scattering properties; the illumination conditions; sensor 

characteristics; and a numerical solution for radiation transfer between the illumination source and the 

sensor by following instructions from the scene element descriptions (Disney et al. 2000). There are 

numerous examples of the application of MCRT for Remote Sensing and LiDAR simulations (Disney et al. 

2000; 2006; 2009; 2010; Hancock et al. 2010; 2011; Lewis and Muller, 1990). These have shown that the 

MCRT method produces comparable results in comparison to real studies, and thus is a reliable evaluation 

of light reflection for forest scenes (Ding and Arai, 2009). 
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Chapter 3: Methodology 

 

3.1: Methodology Overview 

 The process for testing the hypotheses was carried out in four major stages (Fig.3.0). Firstly, field 

data from Gabon was used to constrain 3D tree models to recreate a sub-plot of forest; the second stage 

utilised Monte-Carlo Ray Tracing to simulate Airborne LiDAR over the scene. The next stage transformed the 

simulated Full-Waveform LiDAR into Discrete-Return, which was subsequently aggregated to create either a 

Bin-Method Histogram, or a Pseudo-Wave. The final stage used four different models for estimating biomass 

from LiDAR data, calculating the RMSE and bias for each variable configuration. The final result was 1,166 

estimates of biomass and relating uncertainty, each with a unique combination of variables. 

Variable Specification: 

 Lidar type: Full-Waveform, Aggregated Pseudo-Wave, or Aggregated Bin-Method. 

 LiDAR Point Density: 1 or 25 points m
-2

; 

 Discrete LiDAR Triggering Mechanism:  Automatic or Threshold; 

 Aggregation Footprint Resolution: 5, 10, or 15m. 

 Aggregation Vertical Resolution: 0.1m, 0.25m, 0.5m, 1m, 2m, 3m, 4m, 5m; 

 Biomass model: Muss et al. (2011); Garcia et al. (2010); Saatchi et al. (2011); or Drake et al. (2002). 

 

Fig.3.1: Methodology Process Chain Flow Chart 
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3.2: Study Location 

 

Fig.3.2: Maps demonstrating the location of Gabon, and Lopé National Park 

 The study location upon which this research is based is Lopé National Park, Gabon. Gabon is in the 

Congo Basin, West Africa, with Lopé National Park situated in the centre of the country (Fig.3.1). The park 

itself has been a wildlife reserve since 1946 and a National Park since 2002 which is incorporated into the 

UNESCO world heritage site of ‘Lopé-Okanda Ecosystem and Relict Cultural Landscape’ (Mitchard et al. 

2012; ZSL, 2012). It covers an area of 4948km
2
 and contains a range of vegetation types from savanna 

grasslands to closed canopy tropical forests which are characteristic of the Congo basin (Mitchard et al. 

2012). The forest is classified as ‘wet’ forest as the entire park receives an average annual rainfall greater 

than 1500mm (Mitchard et al. 2012). The attributes for the 100m
-2

 study location (Fig.3.1), are detailed below 

(Lewis et al. 2009): 

 

Plot Name Country Cluster 
Plot size 

(Ha) 
Location 

Bias 
First 

Census 
Last 

Census 
Latitude Longitude 

Altitude 
(m) 

LOP-01 
Lope, 

Reitsma 
Gabon 15 1 Y,G 1986.96 1994.63 -0.167 11.47 250 

 

 

3.1: Field Inventory Dataset 

 Field data from the plot in Lopé National Park was provided by Dr S. Lewis, and  contained 

measurements from 392 individual trees, with DBH>10cm (Dr M. Disney pers. comm. 2012). The data used 

in this study for each tree consisted of: Tree ID; X and Y coordinates; Tree Family; Tree Species; Wood 

density; Wood Density Type; DBH; Height-to-First-Branch; and AGB, which was calculated using the moist 

tropical forest equation from Chave et al. (2005) where D is diameter (cm), ρ is the wood specific gravity 

(g/cm
3
), and H is height (m): 

           (          (    )              
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 This allometric equation was built from a dataset of 2410 trees, harvested from 27 study sites across 

tropical forests in the Americas, Asia, and Oceania, and has been shown to be the optimal relationship for 

trees with diameters of 5-156cm, and ρD
2
H of 50-1,000,000, despite overestimating AGB by 0-5% (Chave et 

al. 2005). Although no African trees were used in the derivation of the equation, it has been shown that 

locally derived relationships do not significantly improve the accuracy of biomass estimates in African forests 

(Chave et al. 2005; Malhi et al. 2006; Mitchard et al. 2012). 

 

3.3: 3D Tree Modelling 

 From the full 100m
-2

 plot surveyed in Lope National Park, a smaller 30m
-2

 sub-section was used as 

the basis for generating a detailed 3D model through the use of Onyx Tree for creating the individual trees, 

and code provided by Dr Disney for compiling each individual tree model into a scene. OnyxTREE is a 

parameterised 3D modelling software for the generation of detailed and ecologically sound tree models 

(OnyxTree, 2003). Each individual tree was created by modifying parameters for preset broadleaf tree 

archetypes. To ensure that the pre-existing tree models were a realistic representation for each species, 

online image databases were used as a visual guide for their like physical structure. As it is not possible to 

recreate a plot of forest perfectly, the plot data from Lope National Park, Gabon was used only to constrain 

the model parameters whilst ensuring that the scene was a realistic representation of rainforests found in the 

Congo basin (Appendix.A). Due to the parametric constraints of OnyxTREE, each model variable was 

halved; this scaling was repeated for the placement of trees within the scene, and carried through each of 

the simulations. 

 A total of 55 trees were located within this sub-section, with heights ranging from 12.8m to 55.1m, 

and diameters ranging from 100cm to 1,078cm. The tree models were explicitly placed within the scene 

using the relative X and Y coordinates. In addition to this, to ensure that no photons escaped from the plot 

during simulation, the scene was replicated multiple times in blocks of 9x9, with the centre square indicating 

the simulation scene (Fig.3.2). 

 

Fig.3.3: Simulation Scene and placement of the replica scenes 
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3.4: LiDAR simulations 

 To perform the LiDAR simulations Monte-Carlo Ray Tracing (MCRT) software start, was developed 

at UCL and utilises the Librat C library (Lewis, 2012; Disney et al. 2009). Based upon the ‘ararat’ MCRT 

model, and utilising a library of materials to determine the reflectance of objects within a scene, the software 

has undergone extensive testing and use within a number of academic studies (Lewis, 1999; Disney et al. 

2009; 2010; Hancock et al. 2008a; 2008b; 2011; Pinty et al. 2004). In order to improve the efficiency of the 

simulations, bounding boxes were used to contain each object. Each contained the number of trees, on a 5m 

x 5m grid basis. This improves the intersection determination and minimises the testing required to isolate 

scattering elements (Disney et al. 2000). To run the simulations, code was written in Python, with 

contributions from Dr M. Disney (pers. comm. 2012) (Appendix.B). 

 The parameters within the Start simulations were selected to simulate Airborne LiDAR; achieved by 

defining a default set of camera and light sources (Appendix.C), where the location of each individual 

simulation was altered. The key characteristics of the LiDAR were as follows: 

 Wavelength:   1064nm 

 View angle:   Nadir 

 Flight height:   2000m (as used in Muss et al. 2011) 

 Footprint size (m):  0.5m (5m/10m/15m) (see below) 

 Pixel sampling (pixels):  100000 pixels 

 Rays per pixel (RPP):  5 

 Vertical resolution:  0.05m 

 Sampling density (points m
-2

): 25 or 1 (0.2/0.1/0.0667) (see below) 

 Five simulations were carried out to provide two point density datasets for use within the aggregation 

procedure; these had a footprint size of 0.5m and a point density of 1pm
-2

 or 25pm
-2

. The use of a small 

footprint size ensures a narrower laser beam, therefore making the signal interpretation more objective. 

Three large footprint datasets, of either 5m, 10m or 15m footprint sizes (0.2, 0.1, 0.0667pm
-2

 relative point 

densities), were generated to allow a comparison between Full-Waveform, Pseudo-Wave and Bin-Method 

datasets for the footprint resolutions. A flight height of 2000m and a nadir view angle was used as this is the 

average flight altitude of the LiDAR surveys carried out by Muss et al. (2011). The number of rays per pixel 

(RPP) was selected to ensure that noise was reduced thus producing a smoother waveform, although it was 

more computationally expensive. Once the simulations had been completed, each of the heights were 

doubled to reverse the scaling performed within the tree modelling, thus ensuring that the heights matched 

those found within the Gabon field data. 
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3.5: Generation of Aggregated LiDAR datasets 

 The LiDAR simulations produced Full-Waveform data, however to create the Pseudo-Wave and Bin-

Method datasets the aggregating process developed by Muss et al. (2011) was utilised, herein referred to as 

the ‘Muss Algorithm’. This process makes use of Discrete-Return LiDAR, and was applied in two different 

approaches to create the difference between the datasets. 

 The generation of the Discrete-Return LiDAR was performed using two different triggering 

mechanisms. The first assumed that the simulations were an ideal scenario where noise had previously 

been removed; this was applicable because there was no background noise within the simulations. Thus the 

first energy returned came from the top of the canopy, and the last return was from the ground or lower 

canopy. This mechanism was entitled the Automatic Triggering Mechanism, as the first and last returns are 

automatically selected to create the Discrete-Return LiDAR. The second approach was designed to act in a 

realistic fashion to operational Discrete-Return LiDARs. A 1% threshold of returned energy was used to 

determine the location of the first and last returns from the canopy, thus known as the Threshold Triggering 

Mechanism; to perform both approaches code was written in Python (Appendix.D). 

 

3.5.1: Discrete-Return LiDAR Generation Pseudo Code 

1. Read in the Full-Waveform data; 

2. For Threshold move to 3, for Automatic, move to 4; 

3. Calculate the total energy returned within the simulation; 

a. Loop through each height bin generating a cumulative total at each stage; 

b. Where the energy exceeded a threshold of 1% this height is recorded as the ‘first return’; 

c. Where the energy exceeded a threshold of 99% this height is recorded as the ‘last return’; 

d. Move to 5; 

4. Locate all height bins where returned intensity is greater than zero; 

a. The first height in this list is taken as the ‘first return’; 

b. The last height in this list is taken as the ‘last return’; 

c. Move to 5; 

5. Write the recorded first and last returns to file; 

6. Repeat for each Full-Waveform dataset. 
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3.5.2: Muss Algorithm for Pseudo-Wave and Bin-Method Generation 

 The Discrete-Return datasets were used to create the Pseudo-Waves through the Muss Algorithm. 

The steps of the algorithm are outlined in of Muss et al. (2011; p.826) as described below: 

1. All returns within each footprint were collected and binned according to height above ground (the 

height bins in Muss et al. (2011) were 2m in resolution, however this paper uses a range of 

vertical resolutions); 

2. Each bin was assigned values for the total number of returns in the bin for frequency dataset,  

and the sum of all intensities within that bin for the intensity data; 

3. For the Pseudo-Wave go to 4, for the Bin-Method data go to 5; 

4. The Pseudo-Wave was then created by applying a cubic spline function to both the frequency 

and intensity data. This function has the ability to capture multimodal distributions, thus is less 

restrictive than unimodal-Gaussian or Weibull-functions; 

5. The final intensity data was normalised using its minimum and maximum intensity values. 

To test the hypotheses a range of vertical resolutions for the height bins were used: 0.1m, 0.25m, 0.5m, 1m, 

2m, 3m, 4m, and 5m. The maximum value of 5m was selected as this is approximately 10% of the height of 

the tallest tree within the plot, and approximately 40% of the smallest tree. 

 

3.5.3: Muss Algorithm Pseudo Code (Appendix.E) 

1. Define the variables for the aggregated datasets such as the height resolution, footprint size; 

2. Define the values for each footprint and height bin; 

3. For each footprint within the plot: 

a. Loop through each Discrete LiDAR file; 

b. Determine whether this simulation lies within the footprint, if not then pass file; 

c. If it does then loop through each height bin to find the bin in which the first and last returns of the 

Discrete LiDAR data belong; 

4. Once all the LiDAR files have been processed: 

a. Calculate the number of returns in each bin to determine the frequency data; 

b. Calculate the total intensity in each bin to determine the intensity data; 

c. Normalise the intensity data using Linear normalisation; 

d. Write both the frequency and intensity Bin-Method data to separate files; 

e. Apply a spline interpolation routine to the frequency and intensity pseudo-bins separately to 

create a Pseudo-Wave with the same height resolution as the original waveform LiDAR; 

f. Normalise the intensity wave using Linear normalisation; 

g. Write both the frequency and intensity Pseudo-Waves to separate files. 
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3.6 Biomass Estimation 

 For this research stand-level biomass estimation was carried out; the advantage of this approach 

was that it does not require individual tree delineation, which can add an extra element of uncertainty, 

particularly for tropical forests which have a highly complex canopy (Drake et al. 2002; Rosette et al. 2012). 

In addition to this, the benefit stand-level biomass estimation for regional-scale studies is particularly 

apparent when assimilating LiDAR data with field-inventories (Rosette et al. 2012). It also facilitated the use 

of the Muss Algorithm for investigating the impact of vertical resolution upon aggregated LiDAR data. To 

estimate AGB four different models were used, allowing a comparison between models which enabled the 

research to determine whether the findings are model dependent. The following models were used, each 

named after the authors of the paper in which they were published: 

 

 

  

 

 

 

 

 

 

 

 

 

i. Muss et al. (2011):  𝑨𝑮𝑩  𝒆
 𝜷𝟎𝐦𝐚𝐱+𝜷𝟏(

𝒎𝒊𝒅

𝒎𝒂𝒙
)−𝜷𝟐  

ii. Garcia et al. (2010):  𝑨𝑮𝑩  𝜷𝟎  𝜷𝟏  
𝟏

𝑯𝟓𝟎
  𝜷𝟐(𝑯𝟐𝟓𝒊𝒏𝒕 ) 

iii. Saatchi et al. (2011): 𝑨𝑮𝑩  𝜷𝟎𝑯𝒍𝒐𝒓𝒆𝒚
𝜷𝟏  (𝐻𝑙𝑜𝑟𝑒𝑦  

∑(𝐵𝐴𝑖 𝐻𝑖)

∑𝐵𝐴𝑖
) 

iv. Drake et al. (2002) : 𝑨𝑮𝑩  𝜷𝟎  𝜷𝟏𝑯𝑶𝑴𝑬 

max = maximum height of Pseudo-Wave 

mid = height of maximum canopy return intensity 

H50 = 50th height distribution percentile 

H25int% = return intensity of the 25th height distribution percentile 

HLorey = Lorey’s height 

HOME = Height-Of-Median-Energy 

β0, β1, and β2 = model parameters 
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3.6.1: Muss Biomass Model Pseudo Code (Appendix.F) 

1. Read in Plot data and calculate the total biomass from the plot estimates for each aggregated footprint; 

2. For each LiDAR dataset determine LiDAR variables for use in the biomass model; 

a. Identify the footprint into which the dataset is related to; 

b. For each data file use the threshold method defined above to determine the maximum height 

within the Pseudo-Wave footprint, this is the models ‘MAX’ variable; 

c. Search for the maximum value of frequency or intensity above a predefined height threshold of 

10m (as the smallest tree within the plot is 12.8m), this height is the models ‘MID’ variable; 

3. Define an arbitrary initial set of model parameters, and make an initial biomass estimate; 

4. Optimise the model parameters using the plot biomass, and report the new model parameters; 

5. Make an improved estimate of biomass, using the optimised parameters; 

6. Report the new RMSE, and total biomass estimate for the plot; 

7. Write the optimised parameters, final RMSE, total AGB, alongside the data characteristics to file. 

 

3.6.2: Garcia Biomass Model Pseudo Code (Appendix.G) 

1. Read in Plot data and calculate the total biomass from the plot estimates for each aggregated footprint; 

2. For each LiDAR dataset determine LiDAR variables for use in the biomass model; 

a. Identify the footprint into which the dataset is related to; 

b. Determine the total of the return frequency over all heights; 

c. Using this, loop through all heights starting at the ground, add the frequency values for each 

height to a running total, when this value is greater than or equal to 0.75 of the total return 

frequency record the height, and take this as the H50 variable used in the biomass model; 

i. 0.75 is used, as this identifies the 50
th
 percentile of the height distribution above 

ground, which accounts for 50% of the total distribution, 50% associated with the 

ground return.  

d. Repeat 2c to determine the height of 0.625 of the height distribution in order to determine the 25
th
 

height distribution percentile; 

i. The justification for 0.625 is the same as with the 50
th
 percentile; 25% of 50% is 

12.5%, giving a factor of 62.5%; 

e. Read in the normalised intensity Pseudo-Wave, and locate the height which relates to the 25
th
 

height distribution percentile, and record the intensity value at this height as the ‘H25 int%’ variable; 

3. Define an arbitrary initial set of model parameters, and make an initial biomass estimate; 

4. Optimise the model parameters using the plot biomass, and report the new model parameters; 

5. Make an improved estimate of biomass, using the optimised parameters; 

6. Report the new RMSE, and total LiDAR biomass estimate for the plot; 

7. Write the optimised parameters, final RMSE, total AGB, alongside the data characteristics to file. 
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3.6.3: Saatchi Biomass Model Pseudo Code (Appendix.H) 

1. Read in Plot data and calculate the total biomass from the plot estimates for each aggregated footprint; 

2. Use the plot data to determine the true Lorey’s height for each Pseudo-Wave footprint; 

a. Calculate the basal area in m
2
 of each tree using the following formula:     (

   

   
)  

b. Use these values as the basal area for determining Lorey’s height; 

3. For each LiDAR dataset determine LiDAR variables for use in the biomass model; 

a. Using a linear model, determine the relationship between maximum height and basal area for 

each LiDAR return, with an arbitrary initial set of parameters:  

i.            

b. Use these basal area estimates to make an initial estimate of Lorey’s height for each Pseudo-

Wave footprint; 

c. Optimise the basal area estimation model parameters using the true basal area calculated from 

the plot data; 

d. Recalculate the Lorey’s height using the optimised basal area estimations; 

4. Define an arbitrary initial set of model parameters, and make an initial biomass estimate; 

5. Optimise the model parameters using the plot biomass, and report the new parameters; 

6. Make an improved estimate of biomass, using the optimised parameters; 

7. Report the new RMSE, and total LiDAR biomass estimate for the scene; 

8. Write the optimised parameters, final RMSE, total AGB, alongside the data characteristics to file. 

 

3.6.4: Drake Biomass Model Pseudo-Code (Appendix.I) 

1. Read in Plot data and calculate the total biomass from the plot estimates for each aggregated footprint; 

2. Calculate the total biomass from the plot estimates for each Pseudo-Wave footprint; 

3. For each LiDAR dataset determine LiDAR variables for use in the biomass model; 

a. Use the 1% threshold method to determine the maximum and minimum heights within the 

Pseudo-Wave; 

b. Determine the number of entries between the maximum and minimum heights, then use this to 

identify the Height-Of-Median-Energy (HOME); 

4. Define an arbitrary initial set of model parameters, and make an initial biomass estimate; 

5. Optimise the model parameters using the plot biomass, and report the new model parameters; 

6. Make an improved estimate of biomass, using the optimised parameters; 

7. Report the new RMSE, and total LiDAR biomass estimate for the scene; 

8. Write the optimised parameters, final RMSE, total AGB, alongside the data characteristics to file. 
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Chapter 4: Results 

 

4.1: Tree Models and Simulation Scene 

4.1.1: Tree Models 

 Figs.4.1, 4.2, and 4.3 are examples of the tree models developed in OnyxTREE. 

                          
 Fig.4.1: Lope2_4_11  Fig.4.2: Lope2_19_11             Fig.4.3: Lope2_13_5 

 

4.1.2: Simulation Scene 

 Fig.4.4 is an aerial image of the 30m
-2

 scene created for the LiDAR simulations, where the darker 

areas indicate higher canopy material. 

 
Fig.4.4: Aerial image of the scene (Lope_scene.obj) 
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4.2: LiDAR Data 

 Figs.4.5 and 4.6 give an example of the discrete return and Pseudo-Wave LiDAR. This 

demonstrates the differences between the triggering mechanisms for the discrete return, and of the different 

wave characteristics for two vertical resolutions (0.1m and 5m). 

 
Fig.4.5: Pseudo-Wave, 0.1m Vertical Resolution, 5m Footprint, 1pm

-2
 Density 

 
Fig.4.6: Pseudo-Wave, 5m Vertical Resolution, 5m Footprint, 1pm

-2
 Density 
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4.3: Optimal Results (Appendix.J) 

4.3.1: Optimal Pseudo-Wave RMSE 

 The model which returned the optimal RMSE was the Muss biomass model, using the Frequency 

Pseudo-Wave data with a 5m vertical resolution, 15m footprint resolution, 25pm
-2

 density and the threshold 

trigger (P5T15-5-Muss-Freq). The model was optimised to the following (to 3 decimal places): 

   (   )                  
   

   
        

  RMSE   = 13.023 (kg 
-2

) 

  Plot Biomass Bias = -18.470 (kg) 

 

4.3.2: Optimal Bin-Method RMSE 

 The Muss Frequency biomass model also returned the optimal RMSE for use with the Bin-Method 

data, for a 15m footprint resolution and the threshold triggering mechanism. However the data had a vertical 

resolution of 4m, and a point density of 1pm
-2

 (P1T15-4-Muss-Freq): 

   (   )                  
   

   
        

  RMSE    = 49.205 (kg 
-2

) 

  Plot Biomass Bias  = -0.054 (kg) 

 

4.3.3: Optimal Pseudo-Wave Bias 

 The model which produced the most accurate bias was the Drake Intensity Pseudo-Wave biomass 

model with a vertical resolution of 0.1m, 10m footprint resolution, for both point densities (1pm
-2

 or 25pm
-2

) 

and triggering mechanisms (Drake-Int: P1A10-01, P1T10-01, P5A10-01, P5T10-01): 

   (   )                  

  RMSE    = 1004.568 (kg 
-2

) 

  Plot Biomass Bias  = 0.000052 (kg) 

 

4.3.4: Optimal Bin-Method Bias 

 There were four models which returned the same bias for the Bin-Method data, again using the 

Drake biomass model. For this data the vertical resolution was 5m, with a footprint size of 15m. For the 

Frequency data of density 1pm
-2

, both the Automatic and Threshold triggering mechanisms the biases were 

equal with the bias for the Automatic triggering mechanism of 25pm
-2

 density. Also returning the same bias 

was the Intensity data at 1pm
-2

 density, Threshold triggering mechanism (Drake-Freq.: P1A15-5, P1T15-5, 

P5A15-5; Drake-Int: P1T15-5): 

   (   )                   

  RMSE    = 1015.255 (kg 
-2

) 

  Plot Biomass Bias  = 0.000 (kg)  
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4.4: Biomass Estimation Sensitivity to Vertical Resolution 

VERTICAL RESOLUTION RMSE AVERAGE RMSE MINIMUM RMSE MAXIMUM 

0.1m (Pseudo-Wave) 933.128 123.962 1813.408 

0.25m (Pseudo-Wave) 938.993 76.042 1298.672 

0.5m (Pseudo-Wave) 929.05 295.937 1298.497 

1m (Pseudo-Wave) 912.58 161.642 1822.701 

2m (Pseudo-Wave) 872.525 131.623 1298.542 

3m (Pseudo-Wave) 890.84232 41.698 1298.048 

4m (Pseudo-Wave) 923.077 62.797 1298.611 

5m (Pseudo-Wave) 909.634 13.023 1298.667 

0.1m (Bin-Method) 932.712 165.832 1296.414 

0.25m (Bin-Method) 930.99 190.845 1297.454 

0.5m (Bin-Method) 930.998 253.826 1315.404 

1m (Bin-Method) 926.04 241.121 1300.969 

2m (Bin-Method) 920.325 49.205 1297.823 

3m (Bin-Method) 913.514 228.191 1305.752 

4m (Bin-Method) 945.743 49.205 1299.502 

5m (Bin-Method) 967.675 353.753 1294.637 

 

VERTICAL RESOLUTION BIAS AVERAGE BIAS MINIMUM BIAS MAXIMUM 

0.1m (Pseudo-Wave) -7307.081 -76349.793 6660.057 (227987.57) 

0.25m (Pseudo-Wave) -6080.488 -79996.802 6707.86 

0.5m (Pseudo-Wave) -5779.617 -70316.087 6787.66 

1m (Pseudo-Wave) -7220.025 -80891.735 6873.608 (224644.032) 

2m (Pseudo-Wave) -3897.67 -95451.012 5835.971 

3m (Pseudo-Wave) -2027.831 -77611.72 6644.924 

4m (Pseudo-Wave) -7558.468 -95451.02 655.732 

5m (Pseudo-Wave) -2146.33 -68559.419 6311.933 

0.1m (Bin-Method) -11476.192 -95451.019 5801.375 

0.25m (Bin-Method) -10678.716 -85962.113 7161.791 

0.5m (Bin-Method) -14190.835 -86061.529 6159.627 

1m (Bin-Method) -9063.339 -85143.611 7707.195 

2m (Bin-Method) -6460.806 -81207.95 8590.105 

3m (Bin-Method) -5401.105 -70295.663 4623.357 

4m (Bin-Method) -734.167 -7124.239 4404.154 

5m (Bin-Method) -2359.869 -25241.352 4046.385 

Fig.4.7: Descriptive statistics for each vertical resolution tested 

 

 The aim of this study was to improve understanding of the uncertainty related to vertical resolution 

for LiDAR tropical forest biomass estimation, thus the first step is to assess all the LiDAR scenarios tested, a 

sample of which can be found in Appendix.J. This enables a judgement to be made upon whether there is an 

overall influence upon the uncertainty in relation to vertical resolution. Fig.4.7 reports the descriptive 

statistics for each vertical resolution, where the most optimal value is highlighted in green, and least optimal 

highlighted in red. The optimal Pseudo-Wave RMSE was for a vertical resolution of 5m, though on average 

the most accurate was 2m. In contrast the worst RMSE for the Bin-Method was 5m, yet the best on average 

was 3m. The indication is that a coarser vertical resolution would provide a more accurate RMSE, however it 

is clear that this is not consistent across data types. 
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 To analyse the relationships between vertical resolution and uncertainty, in the form of RMSE and 

bias, three simple models were applied to the data. The models applied were linear, exponential, and 2
nd

 

Order Polynomial relationships. The above findings were corroborated by these relationships, which found 

that the Pseudo-Wave data (Fig.4.8) was more sensitive to vertical resolution than the Bin-Method (Fig.4.10). 

For the bias the Pseudo-Wave data was less indicative (Fig.4.9), and it appears that the bias for this data 

type is insensitive to vertical resolution. However, the Bin-Method bias was more sensitive than the RMSE 

for this data, with an improvement seen for coarser resolutions (Fig.4.11). 

 

Fig.4.8: Pseudo-Wave RMSE Sensitivity to Vertical Resolution 

 

Fig.4.9: Pseudo-Wave Bias Sensitivity to Vertical Resolution 
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Fig.4.10: Bin-Method RMSE Sensitivity to Vertical Resolution 

 

 

 

Fig.4.11: Bin-Method bias sensitivity to Vertical Resolution 
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4.5: Biomass Model Selection and Sensitivity to Vertical Resolution 

  MODEL RMSE AVERAGE RMSE MINIMUM RMSE MAXIMUM 

Muss Frequency (Pseudo-Wave) 725.371 13.023 1288.162 

Muss Frequency (Bin-Method) 719.991 49.205 1274.91 

Muss Intensity (Pseudo-Wave) 865.986 114.137 1298.531 

Muss Intensity (Bin-Method) 807.47 49.205 1289.416 

Garcia (Pseudo-Wave) 800.348 41.698 1296.121 

Garcia (Bin-Method) 945.894 228.191 1298.628 

Saatchi (Pseudo-Wave) 1030.946 709.97 1822.201 

Saatchi (Bin-Method) 1049.912 596.301 1315.404 

Drake Frequency (Pseudo-Wave) 1026.062 701.017 1298.611 

Drake Frequency (Bin-Method) 1034.807 669.616 1296.212 

Drake Intensity (Pseudo-Wave) 1033.659 576.338 1298.672 

Drake Intensity (Bin-Method) 1042.923 779.487 1298.204 

Full-Waveform (Muss) 984.869 737.848 1232.976 

Full-Waveform (Garcia) 394.078 156.493 564.554 

Full-Waveform (Saatchi) 1256.395 995.471 1522.931 

Full-Waveform (Drake) 1205.411 884.276 1476.22 

 

MODEL 
DIFFERENCE 

AVERAGE 
DIFFERENCE 

MINIMUM 
DIFFERENCE 

MAXIMUM 

Muss Frequency (Pseudo-Wave) -14013.394 -78580.087 1550.145 

Muss Frequency (Bin-Method) -16250.283 -86061.529 1917.835 

Muss Intensity (Pseudo-Wave) -6671.673 -95451.02 1880.982 

Muss Intensity (Bin-Method) -14958.318 -85143.611 1917.835 

Garcia (Pseudo-Wave) -7257.555 -94211.862 1357.032 

Garcia (Bin-Method) 25.088 -7778.17 7707.195 

Saatchi (Pseudo-Wave) 6236.522 -2984.333 6873.608 (227987.57) 

Saatchi (Bin-Method) -1126.336 -25537.065 8590.104 

Drake Frequency (Pseudo-Wave) -4515.887 -80891.735 1139.859 

Drake Frequency (Bin-Method) -6267.24 -95451.019 2111.947 

Drake Intensity (Pseudo-Wave) -424.907 -17690.969 1988.593 

Drake Intensity (Bin-Method) -6696.682 -74517.49 1736.164 

Full-Waveform (Muss) -14957.419 -34984.127 -4124.965 

Full-Waveform (Garcia) -75804.921 -92967.873 -62627.557 

Full-Waveform (Saatchi) -7313.141 -9182.003 -5550.282 

Full-Waveform (Drake) -4663.994 -5212.953 -3732.788 

Fig.4.12: Descriptive statistics for each biomass model, across all vertical resolution values 

 Fig.4.12 shows that the Muss model was most optimal for RMSE, when the Frequency Pseudo-

Wave was used. It also demonstrates that worst performing model for RMSE for both the Pseudo-Wave and 

Bin-Method data, was the Saatchi model. For the bias, the Bin-Method performed worse than the Pseudo-

Wave on average; whilst the most accurate was the Garcia Pseudo-Wave model. The Full-Waveform data 

also produced the most accurate RMSE when applied with the Garcia model; however this model 

simultaneously produced the worst bias, the best of which was produced by the Drake model. By comparing 

the aggregated data with the Full-Waveform LiDAR, it can be seen that the Full-Waveform LiDAR would 

have a better RMSE, yet a greater underestimation of plot biomass. More detailed graphical display of the 

results for each LiDAR configuration is in Appendices.L and M. 
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4.5.1: Muss Model 

 To demonstrate the sensitivity of vertical resolution for each model and to provide an indication of 

the best vertical resolution a 2
nd

 Order Polynomial relationship was fitted to the data. Fig.4.13 and 4.14 

present the results for the Muss Biomass Model, showing that RMSE improved as the vertical resolution 

decreased in accuracy, for all datasets except for the Bin-Method Intensity. The optimal RMSE values 

estimated through the polynomials were 3m (Frequency Pseudo-Wave and Bin-Method), 5m (Intensity 

Pseudo-Wave), and 0.1m (Intensity Bin-Method). This trend was also seen for three of the four bias 

relationships, each peaking for a 5m resolution; except for the Intensity Pseudo-Wave (0.1m optimal 

resolution). It can be seen that for both the RMSE and bias, the biomass estimates would be more accurate 

than the Full-Waveform LiDAR, when the optimal vertical resolution is selected. 

 
Fig.4.13: Muss Biomass Model RMSE 

 
Fig.4.14: Muss Biomass Model Bias 
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4.5.2: Garcia Model 

 Fig.4.15 and 4.16 present the results for the Garcia Biomass model, showing that whilst RMSE is 

relatively sensitive to vertical resolution, the bias is not. Both data types produce an optimal RMSE at 2m, 

though this coincides with a least optimal bias for the Pseudo-Wave. On average the Bin-Method has the 

lowest bias, yet there appears to be no significant improvement in relation to vertical resolution. For the 

Garcia model it is clear that the Full-Waveform LiDAR would be expected to produce more accurate 

estimations of biomass in terms of RMSE, though would underestimate plot biomass. 

 
Fig.4.15: Garcia Biomass Model RMSE 

 
Fig.4.16: Garcia Biomass Model Bias 
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4.5.3: Saatchi Model 

 The sensitivity of the Saatchi biomass RMSE appears to be negligible (Fig.4.17). In order to fit a 

more representative relationship to the data, two gross outliers were removed from the Pseudo-Wave bias 

data (P5A5-01, P5A5-1); it appears that for all optimisation routines tested, a satisfactory solution was not 

possible for these datasets. However, it can be seen that the aggregated methods RMSE is more accurate 

than the 5m and 10m footprint Full-Waveform, and only slightly worse than the 15m footprint. The bias 

appears to be more sensitive to vertical resolution than RMSE, where the aggregated methods were more 

accurate than the Full-Waveform estimates. The optimal bias for the Pseudo-Wave is predicted for a vertical 

resolution of 5m, whilst the Bin-Method bias optimal vertical resolution is 0.5m (Fig.4.18). 

 
Fig.4.17: Saatchi Biomass Model RMSE 

 
Fig.4.18: Saatchi Biomass Model Bias 
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 Through an analysis of the RMSE relating to the Lorey’s Height estimation, it can be seen that as 

Lorey’s Height RMSE increases, the biomass RMSE also increases. The relationship between Lorey’s 

Height RMSE and footprint size is more statistically significant, with a larger footprint resolution returning a 

lower RMSE. However, there is no relationship between vertical resolution and Lorey’s Height uncertainty 

(Figs.4.19-4.21). 

 

 

 

Fig.4.19: Lorey’s Height RMSE and Biomass RMSE 

Fig.4.20: Lorey’s Height RMSE and Vertical Resolution 

Fig.4.21: Lorey’s Height RMSE and Footprint Resolution 
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4.5.4: Drake Model 

 The sensitivity of the Drake model to vertical resolution depends on the choice of data type; Pseudo-

Wave or Bin-Method. It is clear for the Pseudo-Wave that as vertical resolution becomes coarser the RMSE 

decreases, minimising at 5m (Fig.4.22); however there appeared to be little change in bias (Fig.4.23). The 

Bin-Method differs from this, as RMSE minimised for a finer vertical resolution (0.1m), whilst the bias 

improved for a coarser vertical resolution (3m or 5m). The 15m footprint Full-Waveform RMSE was best, 

though the aggregated data performed better than the 5m and 10m footprint Full-Waveform. The Intensity 

Pseudo-Wave returns the optimal bias over all datasets used, with the 10m footprint the most optimal bias of 

the Full-Waveform biomass estimates. 

 
Fig.4.22: Drake Biomass Model RMSE 

 
Fig.4.23: Drake Biomass Model Bias 
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4.6: Aggregated Footprint Resolution and Sensitivity to Vertical Resolution 

 

FOOTPRINT SIZE RMSE AVERAGE RMSE MINIMUM RMSE MAXIMUM 

5m (Pseudo-Wave) 1252.261 778.6633 1822.701 

10m (Pseudo-Wave) 747.606 413.321 1004.568 

15m (Pseudo-Wave) 741.319 13.023 1057.583 

5m (Bin-Method) 1202.254 776.534 1315.404 

10m (Bin-Method) 820.877 310.203 1003.805 

15m (Bin-Method) 777.367 49.205 1174.679 

5m (Full-Waveform) 1076.012 564.554 1255.735 

10m (Full-Waveform) 1111.03 461.186 1522.931 

15m (Full-Waveform) 693.522 156.493 995.471 

 

FOOTPRINT SIZE DIFFERENCE 
AVERAGE 

DIFFERENCE 
MINIMUM 

DIFFERENCE 
MAXIMUM 

5m (Pseudo-Wave) -11380.522 -95451.02 4053.582 (227987.57) 

10m (Pseudo-Wave) -1810.49 -23693.875 6873.608 

15m (Pseudo-Wave) -132.436 -2984.333 1880.982 

5m (Bin-Method) -20257.488 -95451.019 8590.104 

10m (Bin-Method) -2106.365 -23375.803 7707.195 

15m (Bin-Method) -273.033 -31343.791 3829.193 

5m (Full-Waveform) -20161.026 -62627.557 -5046.243 

10m (Full-Waveform) -29021.632 -71819.331 -3732.788 

15m (Full-Waveform) -27871.948 -92967.873 -4124.965 

Fig.4.24: Descriptive statistics for each footprint resolution 

 

 Fig.2.4 demonstrates that the 15m footprint has the largest spread of RMSE values despite having 

the optimal average RMSE; in comparison the 5m footprint has the highest maximum and average RMSE. 

This indicates that a larger footprint provide a more accurate RMSE. Yet for the bias, it appears that the 

smaller footprints are more sensitive to vertical resolution than the larger footprints. The Full-Waveform 

RMSE was also minimised for a 15m footprint, which was the most accurate for all datasets, however the 

aggregated methods were more optimal than the 5m and 10m footprint for RMSE. Once again, the 5m 

footprint had the optimal bias for the Full-Waveform data, yet it was significantly worse on average than the 

aggregated data. 

 Figs.4.25 and 4.26 also demonstrate that the smaller footprint RMSE is insensitive to vertical 

resolution, whilst the larger footprints (10m and 15m) are more sensitive and minimise at 3m vertical 

resolution. In contrast to this, the smaller footprint bias can be significantly improved with a coarser 

resolution, as it is more sensitive to vertical resolution than the larger footprints biases, which were seen to 

be insensitive to vertical resolution. 
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Fig.4.25: Pseudo-Wave Footprint Resolution RMSE 

 

 

Fig.4.26: Pseudo-Wave Footprint Resolution Bias 
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4.7: Discrete Return Triggering Method and Sensitivity to Vertical Resolution 

TRIGGERING MECHANISM RMSE AVERAGE RMSE MINIMUM RMSE MAXIMUM 

Automatic Trigger (Pseudo-Wave) 918.57 41.698 1822.701 

Threshold Trigger (Pseudo-Wave) 908.887 13.023 1298.671 

Automatic Trigger (Bin-Method) 938.078 49.205 1315.404 

Threshold Trigger (Bin-Method) 928.921 49.205 1298.628 

 

TRIGGERING MECHANISM 
DIFFERENCE 

AVERAGE 
DIFFERENCE 

MINIMUM 
DIFFERENCE 

MAXIMUM 

Automatic Trigger (Pseudo-Wave) -5770.759 -95451.02 6873.608 

Threshold Trigger (Pseudo-Wave) -4723.252 -77611.72 6644.924 

Automatic Trigger (Bin-Method) -9218.575 -95451.019 8590.105 

Threshold Trigger (Bin-Method) -5872.682 -85962.113 7161.791 

Fig.4.27: Descriptive statistics for each Discrete Return LiDAR Trigger Method 

 Fig.4.27 reports the descriptive statistics for the different triggering mechanisms applied to generate 

the Discrete-Return LiDAR. Both the RMSE and bias were slightly better for the threshold trigger 

mechanism, and once again, it was seen that the Pseudo-Wave approach performed better than the Bin-

Method approaches. As displayed in Fig.4.28, the RMSE for each approach is relatively insensitive to the 

vertical resolution, though minimised at 3m; however the Pseudo-Wave data is more sensitive than the Bin-

Method. Despite this, there is little difference in the sensitivity to vertical resolution between the automatic 

and threshold triggering mechanisms. Fig.4.29, displaying the sensitivity of the bias to vertical resolution, 

reiterates the finding that a 5m vertical resolution produces a more accurate result. 

 

Fig.4.28: Discrete Return LiDAR Triggering Mechanism RMSE 
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Fig.4.29: Discrete Return LiDAR Triggering Mechanism Bias 

 

 

4.8: Point Density and Sensitivity to Vertical Resolution 

POINT DENSITY RMSE AVERAGE RMSE MINIMUM RMSE MAXIMUM 

1pm
-2

 (Pseudo-Wave) 904.195 41.698 1298.672 

25pm
-2

 (Pseudo-Wave) 923.262 13.023 1822.701 

1pm
-2

 (Bin-Method) 940.134 49.205 1315.404 

25pm
-2

 (Bin-Method) 926.865 49.205 1299.502 

 

POINT DENSITY DIFFERENCE 
AVERAGE 

DIFFERENCE 
MINIMUM 

DIFFERENCE 
MAXIUM 

1pm
-2

 (Pseudo-Wave) -5679.337 -95451.02 6873.608 

25pm
-2

 (Pseudo-Wave) -3203.961 -91799.715 6644.924 (227987.57) 

1pm
-2

 (Bin-Method) -8124.044 -95451.019 6399.524 

25pm
-2

 (Bin-Method) -6967.213 -85962.113 8590.105 

Fig.4.30: Descriptive statistics for each LiDAR point density 

 

 Fig.4.30 reports the descriptive for each point density scenario simulated, finding that although the 

lower point density had a lower average RMSE, the spread of values was greater than for the higher point 

density which also produced results with a more optimal bias. Fig.4.31 shows that the RMSE for the Pseudo-

Wave approach is more sensitive to vertical resolution than the Bin-Method, though all each configuration 

minimised RMSE at a 3m vertical resolution. For all but the 1pm
-2

 Pseudo-Wave, the 5m vertical resolution 

minimised bias within the plot biomass estimates, with a significant improvement seen for the Bin-Method 

estimates (Fig.4.32). 
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Fig.4.31: LiDAR Point Density RMSE 

 

 

Fig.4.32: LiDAR Point Density Bias 
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4.9: Full-Waveform Biomass Estimates 

 Figs.4.33 and 4.34 show that the optimal RMSE for the Full-Waveform biomass estimates was the 

15m footprint data, for all models tested, whilst the least optimal was dependent upon the biomass model 

selected. The bias was shown to minimise on average for a footprint of 5m, though again this was model 

dependent. The Garcia model produced the most optimal RMSE, yet the worst bias, significantly 

underestimating plot biomass. In comparison the Drake biomass model was least biased across all footprint 

sizes tested. The full results of the Full-Waveform LiDAR Biomass estimates are in Appendix.K. 

 
Fig.4.33: Full-Waveform Footprint Size RMSE 

 
Fig.4.34: Full-Waveform Footprint Size Bias 

 



40 

 

Chapter 5: Discussion 

5.1: Biomass Estimate Sensitivity to Vertical Resolution 

5.1.1: Pseudo-Wave Data 

 For the Pseudo-Wave data (Fig.4.8), it was found that over the range of vertical resolutions tested, 

both the exponential and linear relationships predict that the 5m resolution would provide the best RMSE on 

average. However, the second order polynomial estimated that the optimal vertical resolution of those tested, 

was 3m. The model with the best fit to the data was the exponential relationship, though there was a 

common trend between the models. However, these relationships were not statistically significant. The R
2
 

value for the exponential relationship was 0.0053, for the 2
nd

 order polynomial it was 0.0024, whilst the linear 

relationship had an R
2
 value of 0.0004. This indicates that overall the RMSE of the pseudo-wave biomass 

estimates is also dependent upon a number of other factors, though it is expected that a coarser vertical 

resolution would provide a more accurate result. 

 When the bias of the total plot biomass estimates is tested, there was good agreement between the 

models, showing a slight improvement upon the estimate accuracy as vertical resolution became coarser 

(Fig.4.9). Although the strength of the three relationships were comparable, once again these are not 

statistically significant, with R
2
 values of 0.0051, 0.005, and 0.0049 for the logarithmic, 2

nd
 Order Polynomial 

and Linear relationships respectively. This is consistent with the RMSE results, and supports the analysis 

that for Pseudo-Wave biomass estimates that a coarser vertical resolution would produce more accurate 

biomass results; however the specific nature of the relationship and sensitivity is dependent upon other 

factors, therefore there was no universally applicable vertical resolution. 

 

5.1.2: Bin-Method Data 

 The Bin-Method RMSE was found to be less sensitive to vertical resolution than the Pseudo-Wave 

RMSE; however no universal trend was seen for each relationship fitted between RMSE and vertical 

resolution. The linear model predicted an increase in RMSE with coarser vertical resolutions, minimising at 

0.1m resolution. In contrast, the exponential model predicted the opposite, with an optimal RMSE returned 

for a vertical resolution of 5m. Finally, the 2
nd

 Order Polynomial has a minimum RMSE at a vertical resolution 

of 2m, for the values tested. This indicates that the Bin-Method RMSE is less sensitive to vertical resolution 

than the Pseudo-Wave RMSE, and more dependent upon other factors. The R
2
 clearly demonstrate this 

insensitivity, with values of 0.0028 (2
nd

 Order Polynomial), 0.001 (Linear), and 0.0001 (Exponential). 

 The relationship between Bin-Method bias and vertical resolution is stronger than the same 

relationship for Pseudo-Wave data. Each relationship fitted showed that the bias was minimised for a vertical 

resolution of 5m, however they were not statistically significant. The 2
nd

 Order Polynomial was the strongest 

relationship with an R
2
 value of 0.0436, the Linear relationship had an R

2
 value of 0.0427, whilst the 

logarithmic relationship was the weakest with R
2
 = 0.0358. This shows that although the Bin-Method RMSE 

is insensitive to vertical resolution, and likely to be dependent upon other factors, the bias of the Bin-Method 

biomass estimations could be improved through the use of a 5m vertical resolution. 
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5.1.3: Overview 

 Although there is a clear influence upon biomass estimate uncertainty by the vertical resolution, for 

all cases this influence was not statistically significant. Thus suggesting that the uncertainty of biomass 

estimates is also dependent upon other influencing factors; also indicating that the sensitivity of different 

uncertainty sources to vertical resolution will differ. This is implied through the range of RMSE and bias 

values for each resolution tested, but also by the differences in sensitivity to vertical resolution between the 

Pseudo-Wave and Bin-Method data types. Therefore the combination of a greater dependency of uncertainty 

upon other sources, and different degrees of sensitivity demonstrates that the relationship between biomass 

uncertainty and vertical resolution is complex. 

 

5.2: Biomass Model Selection 

 It has already been determined in previous studies that biomass model selection can have a 

significant impact upon the accuracy of the biomass estimates (Djuikouo et al. 2010). A selection of stand-

level biomass models was made to enable an analysis of model dependency within the assessment of 

vertical resolution sensitivity; the aim of this paper was not to assess the merits of different models. 

 

5.2.1: Muss Biomass Model 

 For the Muss biomass model, it was found that the use of frequency data produced more accurate 

results than the intensity data, echoing the findings of Muss et al. (2011). It was also found that there was a 

strong agreement between the Frequency Pseudo-Wave and Frequency Bin-Method, which showed that as 

the vertical resolution became coarser, the RMSE was predicted to decrease, minimising at a vertical 

resolution of 3m for both data types (Fig.4.13). This trend was also seen for the Intensity Pseudo-Wave 

which minimised at 5m, though the RMSE was greater than the Frequency RMSE. The exception to the 

trend is the Intensity Bin-Method, which reported a slight increase in RMSE as the vertical resolution 

becomes coarser, with the optimal RMSE estimated at 0.1m vertical resolution. There is a clear indication 

that for the Muss biomass model the characteristics of the Intensity data sensitivity are different to that of the 

Frequency data. 

 An improvement was also seen for the bias for coarser vertical resolutions in three of the datasets, 

all minimised at a 5m vertical resolution. The exception to this was the Intensity Pseudo-Wave estimates, 

which were more accurate for finer vertical resolutions, minimising at 0.1m. These relationships are more 

significant than those applied to all datasets, suggesting that for this plot the Muss biomass model was more 

sensitive to vertical resolution than other models tested. 
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5.2.2: Garcia Biomass Model 

 The sensitivity of the Garcia biomass RMSE was greater when the Pseudo-Wave data was used, 

which also produced lower RMSE on average, though both datasets RMSE was minimised for a vertical 

resolution of 2m (Fig.4.18). The bias results conflict with this, demonstrating little sensitivity to vertical 

resolution. Both datasets are minimised at resolutions of 0.1m or 5m, with an underestimation by the 

Pseudo-Wave data increasing between these values, and the Bin-Method slightly overestimating. For the 

plot studied it was found that, despite having a higher RMSE for all values of vertical resolution, the bias of 

the Bin-Method data was more accurate than the Pseudo-Wave which consistently underestimated 

(Fig.4.19). 

 These conflicting findings suggest that the relationship between Garcia Biomass uncertainty and 

vertical resolution is complex. One explanation for this is that a finer vertical resolution of the dataset used 

would produce more accurate results, e.g. Full-Waveform or Pseudo-Wave, whilst a coarser vertical 

resolution used within the aggregation recreates the vertical distribution of canopy material more accurately. 

This could be in part due to the models use of specific height percentiles; the effective use of which has been 

proven in other research (Bortolot and Wynne, 2005; Rosette et al. 2012). The Full-Waveform data indicates 

that another significant source of uncertainty for the Garcia model is the size of the footprint, with these 

having a considerably more optimal RMSE, though a greater underestimation for the total plot biomass 

estimates.  

 

5.2.3: Saatchi Biomass Model 

 Fig.4.20 demonstrates that the RMSE of the Saatchi Biomass model is insensitive to the vertical 

resolution of the aggregation process. This is true for both the Pseudo-Wave and Bin-Method, where the 2
nd

 

Order Polynomial relationships predict a change in RMSE of less than 5% over the range of vertical 

resolutions tested. Given the low R
2
 values and the clear spread of RMSE values for each vertical resolution, 

it is clear that the RMSE for the Saatchi model is influenced by another source of uncertainty. 

 This finding is reiterated by the bias, which reduces as the vertical resolution became coarser. The 

Pseudo-Wave data, which slightly overestimated the plot biomass at a vertical resolution of 0.1m, improved 

as the vertical resolution became coarser, optimising at 5m vertical resolution. Although the Bin-Method bias 

also reduced, this resulted in a less accurate plot biomass estimate, optimising at a vertical resolution of 

0.5m. Thus it suggests that the estimates of plot biomass were simply reduced as vertical resolution became 

coarser, rather than improving the bias. 

 There was also an added element of uncertainty to the Saatchi biomass model, through the 

introduction of the basal area estimation for use within Lorey’s height. It was found that there was no 

relationship between vertical resolution and Lorey’s height uncertainty. However, it was also found that when 

Lorey’s height increased, there was also an increase in the RMSE of the biomass estimates. There was also 

a similar correlation between the footprint resolution and the uncertainty for Lorey’s height estimates, though 

this was the stronger of the two relationships. Therefore, it is likely that the relationship between Lorey’s 

height RMSE and biomass RMSE is as a result of their mutual dependency upon footprint size. 
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5.2.4: Drake Biomass Model 

 As with the Muss Biomass model, this study used both the Frequency and the Intensity data to 

estimate biomass. Although there was a strong agreement between the RMSE from the data types, there 

were key differences between the Pseudo-Wave, and Bin-Method results. The Pseudo-Wave RMSE was 

shown to decrease as vertical resolution became coarser, minimising at 5m, whilst the Bin-Method RMSE, 

which minimised at 0.1m, increased over the same range of values. This suggests that the Drake method 

performs better when the determination of the Height of Median Energy (HOME) is performed using a 

waveform which has a high vertical resolution, even though a pseudo-wave could be generated from a lower 

vertical resolution. This is because the HOME variable is particularly sensitive the vertical arrangement of 

canopy material, which forms the justification for its use in predicting tropical forest biomass (Drake et al. 

2002). This combination of arguments suggests that the use of 5m vertical resolution allows the Pseudo-

Wave to make a better representation of the vertical canopy structure. 

 When the bias data was analysed, an increase in Bin-Method RMSE occurred simultaneous to an 

overall improvement in bias. This can be seen in Fig.4.23, where the Bin-Method biomass estimates are 

significantly underestimated for finer vertical resolutions. However, as the vertical resolution became coarser 

the Bin-Method biomass increased, and became more accurate overall. In contrast to this, the Pseudo-Wave 

plot estimates do not appear to improve or reduce in accuracy, with the spread of residuals converging 

towards a bias of <1000kg for the total plot biomass estimate. These findings augment those discussed in 

relation to the RMSE, which show that although the Drake Biomass model is sensitive to the vertical 

resolution, there is also a clear difference between the sensitivity for the Pseudo-Wave and Bin-Method data. 

This reinforces the argument that whilst the uncertainty of biomass estimates can be influenced by the 

vertical resolution, the extent of this relationship is highly dependent upon a number of other factors. 

 

5.3: Pseudo-Wave Footprint Resolution 

 Fig.4.25 highlights the considerable impact that Pseudo-Wave Footprint Resolution can have upon 

the uncertainty of biomass estimates. Muss et al. (2011) found that the optimal footprint resolution was 

between 10m and 15m. This is corroborated by the findings of this research, which found that the footprint 

resolution also has an impact upon the sensitivity of the biomass uncertainty to the vertical resolution. For 

the 5m footprint the biomass RMSE was insensitive to vertical resolution for both data types, returning 

considerably higher values. In comparison, the 15m footprint was the most sensitive to vertical resolution, 

with the 10m footprint size also displaying a comparable degree of sensitivity. For all three of these biomass 

estimates a vertical resolution of 3m was estimated to be the most optimal. However the relationship 

between the 10m RMSE and vertical resolution is unclear, because although the Pseudo-Wave RMSE 

improved with a coarser vertical resolution, the Bin-Method RMSE increased over the same range. 
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 In comparison to this, the bias for the 10m and 15m footprint sizes remained relatively insensitive, 

whilst the 5m plot biomass estimate improved considerably for coarser vertical resolutions. Indicating that, 

although the RMSE of these footprints is insensitive to vertical resolution, this is not the case for the bias. For 

all the datasets tested an optimal bias was reported for a vertical resolution of 5m. The combination of 

uncertainty data suggests that a 15m footprint size would produce the most accurate results; which can be 

optimised when combined with a vertical resolution between 3m and 5m. 

 The relationship between footprint resolution and LiDAR forest variables has been examined before, 

where it was found that as footprint size increased the tree height measured by the LiDAR approached the 

mean canopy height (Disney et al. 2010). The use of an average canopy height has been shown to improve 

LiDAR biomass estimates, and therefore a larger footprint would be expected to produce more accurate 

results, up to a certain size (Brolly et al. 2012).  The findings of this study indicate that the association 

between biomass uncertainty and LiDAR footprint resolution can be influenced by the choice of vertical 

resolution, when using an aggregating process (Brolly et al. 2012; Muss et al. 2011). 

 

5.4: Triggering Mechanism 

 The triggering mechanism for generating discrete return LiDAR is an important source of uncertainty 

when estimating forest biomass (Disney et al. 2010). Therefore the finding that both of the triggering 

mechanisms applied produced similar results was unexpected. Particularly as it could be assumed that for a 

LiDAR waveform with no background noise, the first energy return would be from the canopy top, and 

therefore closer to the true height of the tree, whilst a threshold mechanism would be expected to 

underestimate this height. One explanation for this could be that the aggregation process itself reduces the 

dependency of uncertainty upon the triggering mechanism. 

 It was also found that there was a larger difference between uncertainty in the Pseudo-Wave and 

Bin-Method biomass estimates than between triggering mechanisms, and that choice of triggering 

mechanism is insensitive to the vertical resolution used during the aggregation process. For RMSE 

(Fig.4.28), both the Pseudo-Wave and Bin-Method approaches were similarly sensitive, with each dataset 

estimated to produce the most optimal results for a 3m vertical resolution. 

 Fig.4.29 shows that for the Pseudo-Wave data a consistent underestimation of biomass is made for 

both the Automatic and Threshold triggering mechanisms. However, for the Bin-Method an improvement in 

the bias is seen as the vertical resolution becomes coarser, though this is accompanied by a simultaneous 

decrease in RMSE. Again, it was shown that the bias of the results was most optimal for a vertical resolution 

of 5m, with little difference between the triggering mechanisms. 
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5.5: Point Density 

 The analysis of biomass RMSE in relation to the point density of the LiDAR data reiterated that the 

Pseudo-Wave approach is predicted to produce more accurate results on average compared to the Bin-

Method (Fig.4.30). However from assessing RMSE alone it is unclear whether a 1pm
-2

 or 25pm
-2

 density 

would produce the most accurate results, as the 1pm
-2

 density returned the most optimal RMSE on average, 

whilst the 25pm
-2

 density return the most optimal individual RMSE which was considerably more accurate 

than the minimum 1pm
-2

 RMSE, despite having a greater spread of RMSE values. For the Bin-Method the 

25pm
-2

 performed better, returning a more accurate RMSE on average, and containing the lowest spread of 

values. This unclear picture of the influence of point density is also seen within the plot biomass estimates, 

where the higher point density had a lower bias on average, yet a greater spread of values. Although point 

density is commonly known to be a crucial component of uncertainty within tree height measurement, the 

data here indicates that a medium point density of 1pm
-2

 meets the requirements for use in biomass 

estimation from aggregated LiDAR data, matching the uncertainty of the 25pm
-2

 data (Disney et al. 2010; 

Magnussen et al. 2012). 

 As seen with the triggering mechanism, it appears that the RMSE for point density is relatively 

insensitive to the vertical resolution of the aggregating process, particularly for the Bin-Method estimates 

(Fig.4.31). For each configuration of LiDAR data and point density, the vertical resolution which produced the 

optimal RMSE was between 3m and 4m. It can also be seen that by selecting the optimal vertical resolution 

of 5m, the bias of the Bin-Method estimates can be improved by approximately 10% of the total plot 

biomass. Similarly, the Pseudo-Wave 25pm
-2

 density bias is seen to improve as vertical resolution became 

coarser, whilst the 1pm
-2

 Pseudo-Wave showed almost no sensitivity to vertical resolution, despite a 

consistent underestimation. Therefore, it is clear that similar to the triggering mechanism, sensitivity to 

vertical resolution is not significantly dependent upon point density. 

 

5.6: Full-Waveform LiDAR 

 The Full-Waveform biomass estimates demonstrated that the aggregated data can be comparable in 

uncertainty, and on occasion produce more accurate results. However, this is highly dependent upon the 

model used to estimate biomass, the footprint size of the data, and the vertical resolution. It was found that in 

general the Full-Waveform LiDAR would produce a more accurate RMSE, particularly for the 15m footprint, 

however the underestimation of the Full-Waveform Biomass estimates was found to be greater than the 

majority of estimates from the aggregated data. The extent of the difference between the Full-Waveform bias 

and the aggregated data bias is highly dependent upon the model and footprint used, for example the Garcia 

model made considerable underestimates, yet the Drake model was comparable to the aggregated data. 

Also, depending on the configuration of LiDAR variables employed, an optimal vertical resolution for the 

aggregated data will improve the biomass estimates, and potentially producing more accurate results than 

the Full-Waveform for both RMSE and bias, e.g. the Muss Biomass model using the frequency data, for a 

vertical resolution of either 3m or 4m (Fig.4.16). 
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5.7: Vertical Resolution Overview 

 Although the initial analysis into the sensitivity of biomass estimate uncertainty indicated that a 

coarser vertical resolution would be expected to produce a more accurate result, the relationships between 

the biomass estimates produced and vertical resolution were not statistically significant. However through a 

closer analysis of the sensitivity of other sources of uncertainty to vertical resolution it is obvious that the 

uncertainty of biomass estimates in tropical forests is a combination of the different factors, for which vertical 

resolution is simply one. The influence that vertical resolution has upon the uncertainty is not consistent 

between the different sources of uncertainty associated LiDAR biomass estimation. 

 This research has shown that the choice of using either Pseudo-Wave data, or Bin-Method data, 

influences the uncertainty sensitivity to vertical resolution. It has been shown that the RMSE of the Pseudo-

Wave data will improve with a coarser resolution, but that the bias will remain relatively constant. In contrast, 

although the RMSE for the Bin-Method approach was insensitive to vertical resolution, the bias of these 

estimates can be improved through the use of a coarser resolution. The choice of data also had an impact 

upon the uncertainty itself, agreeing with previous research which showed that a pseudo-wave approach is 

likely to produce more accurate estimates of biomass (Muss et al. 2011). This was reaffirmed through the 

sensitivity analysis of triggering mechanism and point density uncertainty due to vertical resolution. Although 

these variables influences the overall uncertainty, more rigorously tested in other research, the choice for 

each does not significantly alter the sensitivity to vertical resolution (Disney et al. 2010). The choice of data 

type is more important, where a coarser vertical resolution would provide a lower RMSE for the Pseudo-

Wave data, and the bias of the Bin-Method would be improved with the same but little difference would be 

made to the RMSE. 

 The sensitivity of uncertainty due to the aggregated footprint resolution is more complex. The RMSE 

of a Pseudo-Wave generated using a 5m footprint would not be expected to change in relation to the vertical 

resolution, yet the bias for this data would improve with a 5m vertical resolution. In contrast to this, the bias 

of the 10m and 15m footprint resolutions are insensitive to vertical resolution, but a significant improvement 

in RMSE would be expected when using a vertical resolution between 3m and 5m. The uncertainty 

sensitivity to vertical resolution was also found to be highly dependent upon which biomass model was 

selected to generate the estimates. Some models, such as the Saatchi Biomass model, displayed little 

sensitivity to vertical resolution. In contrast the Muss and Drake models found that the uncertainty of the 

biomass estimates could be significantly improved by using a coarser vertical resolution. 

 In comparison to the Full-Waveform data, it was shown that as a general rule, the aggregated 

discrete LiDAR data would have a less optimal RMSE, but that the bias of the data would be more accurate. 

However, there were exceptions to this and that by selecting the optimal vertical resolution; the aggregated 

could produce more accurate biomass estimations for both RMSE and bias. 
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5.8: Future Work 

 There is potential for extending research into characterising the uncertainty of LiDAR biomass 

estimates in tropical forests, as this has not been undertaken to the same extent that it has for temperate 

forests (Clark et al. 2011). This research could be built upon through the use of a larger area of forest, as this 

would have provided a greater wealth of data for analysis. The plot-inventory data available for the site in 

Gabon covered an area of 100m
-2

, though this study only focused on a smaller sub-plot of 30m
-2

. Similarly, 

the use of a larger area would have allowed the testing of the optimised models and datasets outside of the 

‘training area’. For this study, the 30m
-2

 forest plot was used to train the biomass models, as well as test the 

uncertainty characteristics, and further research could be made into how the uncertainty due to vertical 

resolution would be characterised for an independent area of tropical forest. The decision was taken to use a 

smaller sub-plot due to the computation time associated with a larger plot, for both the development of 3D 

tree models and also for the computer memory-intensive LiDAR simulations. Given the time constraints of 

the research, drawing upon data from the whole 100m
-2

 was not possible. However, there is potential for 

extending this research approach for much wider area of rainforest, through the use of data networks such 

as AfriTRON or RAINFOR; however this would be time and computationally expensive (Lopez-Gonzalez et 

al. 2011). 

 To further characterise the relationship between uncertainty and vertical resolution, a greater range 

of resolution values could have been tested. Although the data suggests that a resolution between 3m and 

5m would be optimal for most cases, only values up to 5m were tested. This concept could be explored in 

relation to minimum and maximum tree heights within a plot, to determine whether this has an effect upon 

the sensitivity of uncertainty to vertical resolution. Similarly, the range of values or options for other variables 

could have been extended. For example, more biomass models could have been utilised which would have 

provided a greater understanding for which models are sensitive to vertical resolution, and would help 

develop a fuller understanding of the reasons for this. Alternatively, as this study concentrated on biomass 

estimations at the stand level, research could be extended to include models which estimate individual tree 

biomass. A greater range of footprint resolution could have been used to further test the sensitivity between 

this variable and vertical resolution, for example Muss et al. (2011) tested seven different resolutions up to a 

maximum of 30m. 

 As a final suggestion, the primary focus of characterising the sensitivity of uncertainty sources to 

vertical resolution was through the different aggregating configurations used for the Pseudo-Wave and Bin-

Method data generation. However, only touched upon through testing point density, a sensitivity analysis 

could be performed in relation to LiDAR instrument characteristics, such as LiDAR footprint size, scan angle 

and flight height (Disney et al. 2010). Although this would also require a greater number of simulations to be 

carried out, thus increasing the computation time. Similarly, this research could be extended to include 

simulations over complex terrain to determine the impact that vertical resolution has on the uncertainty in 

comparison to the uncertainties introduced through the need to perform topographic correction (Huang et al. 

2009). 
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Chapter 6: Conclusion 

 

6.1: Hypotheses Evaluation 

 To conclude, it is important to reassess the initial hypotheses set out in the introductory chapter. 

Hypothesis 1 dealt with the RMSE, with four options: a) a finer vertical resolution would produce the optimal 

RMSE; b) a coarser vertical resolution would produce the optimal RMSE; c) the vertical resolution which 

provided the optimal RMSE was somewhere in between the two extreme vertical resolution values tested; 

and d) there is no specific vertical resolution which produces the optimal RMSE in for all cases. The data 

shows that for the majority of cases, a coarser resolution will produce more accurate results, disproving 

Hypothesis 1a. Similarly, Hypotheses 1b and 1c can be disproved, because although two of the three 

models report that a 5m vertical resolution produced a more accurate RMSE, these were not statistically 

significant. Therefore Hypothesis 1d must be true; the sensitivity of uncertainty to vertical resolution is also 

dependent upon other variables and there is not a specific vertical resolution which is optimal for all LiDAR 

scenarios and biomass models. 

 Hypothesis 2 was set out to determine the optimal vertical resolution with respect to the bias. This 

hypothesis was also split into four alternative options, similar to Hypothesis 1. Hypothesis 2a can be 

disproved, as improvements to the bias were seen as vertical resolution became coarser. This was 

particularly true for the Bin-Method biomass estimate bias, which was found to be more sensitive than the 

Pseudo-Wave bias. In this case Hypotheses 2b and 2c can be disproved, because although all three of the 

relationships fitted to the data predict that the most optimal bias will occur for the coarsest resolution (5m), 

the statistical validity of these relationships was also not significant. Therefore, Hypothesis 2d is true and the 

bias of the biomass estimates for the forest plot is also dependent upon other factors. 

 Hypothesis 3 broke down the sensitivity of biomass uncertainty due to vertical resolution into the 

different variables for which biomass was estimated. Following on from the above conclusions, Hypothesis 

3a can be disproved, as it has been shown that the sensitivity of uncertainty due to vertical resolution was 

not consistent across all LiDAR scenarios tested. Hypothesis 3b stated that uncertainty is dependent upon 

the data used to estimate biomass; as the data showed that the Pseudo-Wave produced more accurate 

results on average, and the different data types had a different sensitivity, this hypothesis is true. Hypothesis 

3c stated that the choice of biomass model had an impact upon the sensitivity to vertical resolution, and 

through the data it can be seen that this hypothesis remains true, as some biomass models were more 

sensitive to vertical resolution than others. Hypothesis 3d said that the resolution of the footprint used within 

the aggregation process influenced the sensitivity to vertical resolution. Again, the data showed this 

statement to be true, with the RMSE for larger footprints displaying a greater sensitivity, and the bias for 

smaller footprints more sensitive. Hypothesis 3e was disproved, as it stated that the triggering mechanism 

used to generate the discrete return LiDAR influenced the sensitivity to vertical resolution. However the data 

has shown that this was not the case, and that the sensitivity was similar for both the mechanisms tested. 

Finally, Hypothesis 3f stated that the LiDAR point density was an influencing factor for vertical resolution 

sensitivity; however this hypothesis was disproved. The data demonstrating that the selection of point 

density had no influence upon the optimal vertical resolution. 
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 In summary, the relationship between biomass uncertainty and vertical resolution is dependent upon 

other factors, including choice of data, footprint resolution, and the selection of biomass model. It was also 

shown that despite their known contributions to the uncertainty of biomass estimates, the choice of triggering 

mechanism and point density have little impact upon the sensitivity to vertical resolution (Disney et al. 2010). 

However, this study has found that the uncertainty due to vertical resolution is minimised for a coarser 

vertical resolution. The results showing that the use of a vertical resolution between 3m and 5m, during the 

aggregation process, produces a more accurate representation of the vertical canopy structure for tropical 

forests. 

 

6.2: Concluding Statement 

 Tropical forests are characterised by highly complex canopy structures, which can increase the 

potential uncertainty when estimates biomass from LiDAR data (Drake et al. 2002; Gibbs et al. 2007). 

Therefore it is important to ensure that the optimal vertical resolution is applied when making stand-level 

biomass estimates. To achieve the necessary level of understanding, a range of different LiDAR scenarios 

was required for testing; to perform this in reality high operational costs would have been incurred (Popescu, 

2007). Additionally, different sources of uncertainty would be introduced, such as flight artefacts and 

topography (Hancock et al. 2008b). The effectiveness of the approach utilised in this research to overcome 

these problems, through 3D tree modelling and computer simulated LiDAR has been proven in before 

(Ch.2). Its use for achieving the research aims of this study has been successful, and has allowed the testing 

of a much greater range of LiDAR scenarios than would be possible in reality. 

 The findings of this research can be a useful tool within the application of LiDAR for estimating 

stand-level biomass in tropical forests. It allows the user to make an assessment of the optimal vertical 

resolution, based upon the characteristics of their LiDAR data and their biomass model selection. By making 

an informed judgement upon which vertical resolution to use, the user can improve the uncertainty of their 

biomass estimates. More accurate biomass estimates help to improve the knowledge of the global carbon 

cycle and can aid the development of conservation policies such as REDD+ by increasing investor 

confidence (Lopez-Gonzalez et al. 2011; Mitchard et al. 2012). As the impacts of population expansion, 

economic development, and climate change are fully realised this will become more important (Mitchard et 

al. 2012). 
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Original Proposal 

The initial proposal for this dissertation was outlined by Dr Mat Disney, and further developed by myself in 

discussion with Dr Disney: 

“Develop a 3D forest model to estimate the accuracy of biomass estimates from airborne 

LiDAR over African rainforest. This project would build on existing work to develop detailed 

3D structural models of rainforest plots matching survey data, which would then be used to 

quantify uncertainty in biomass estimates from these new measurements.” 

Auto-Critique 

 I chose this project because of the focus upon improving understanding of tropical forest biomass 

estimates, a particular interest of mine. The application of Airborne LiDAR, a Remote Sensing technology 

which is still developing, would also enable me to make a tangible contribution to the science. The objectives 

of the project were met, as the scope of original proposal was such that it could develop as the dissertation 

process progressed. 3D structural models of a rainforest plot were developed which allowed quantification of 

a specific aspect of biomass uncertainty. 

 In particular, I think that a key strength of this dissertation is the realistic representation of the forest 

plot in Gabon. Through the building of a unique model for each tree within the 30m
-2

 area of forest, the scene 

generated was as close to reality as possible, given the available data. This meant that the structural 

complexity of the real plot was conserved, meeting a key aim of this research. Another beneficial 

consequence of this was that the plot biomass estimates, calculated using the Chave et al. (2005) equation, 

were directly applicable to the recreated scene. Similarly, the use of both a ‘traditional’ aggregating 

procedure, and the recently proposed Pseudo-Wave, developed by Muss et al. (2011), is another particular 

strength. This builds upon existing work to develop this approach, furthering the understanding of its 

application for tropical forest biomass estimation, showing that the Pseudo-Wave was more accurate than 

the ‘traditional’ Bin-Method. 

 One of the weaknesses of this research was the range of values tested for some of the variables. 

For example, a greater number of footprint resolutions could have improved the analysis of how this variable 

is influenced by vertical resolution. Similarly, a wider range of vertical resolutions could have been tested. My 

initial expectations were that a finer vertical resolution would produce more accurate results and therefore it 

was assumed that a maximum of 5m would be adequate. However, given the finding that a coarser vertical 

resolution produces more accurate results, it could have been beneficial to extend the range up to a 

maximum of 10m. In hindsight, I would have also implemented the LiDAR simulations earlier within the 

project, as this would have enabled the testing of a greater range of LiDAR instrument configurations. 

Possible variables which could have been tested include the scan angle of the LiDAR instrument, the flight 

altitude, and the Full-Waveform footprint size LiDAR. However, the implementation of further simulations was 

not possible, due to a combination of issues relating to initialising the simulations, server problems, and the 

required computation time. However, to counter this weakness, a number of other variables, used within the 

aggregation process, were tested to quantify their sensitivity to vertical resolution and biomass estimation. 
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Appendices 

Appendix A: Tree Model Parameters and Field Inventory Utilised 

Model Name Tree ID X Y Family Species DHB Height Above-Ground Biomass 

Lope2_13_5 572802 13 10 Irvingiaceae Desbordesia glaucescens 1020 55.1 26698.74324 

Lope2_4_11 572807 4 16 Fabaceae Cylicodiscus gabunensis 1078 51.3 23968.37958 

Lope2_19_11 572804 19 16 Humiriaceae Sacoglottis gabonensis 1050 34.5 15417.37268 

Lope2_26_16 572805 26 21 Burseraceae Aucoumea klaineana 1052 48.2 10257.05967 

Lope2_12_10 572793 12 15 Humiriaceae Sacoglottis gabonensis 800 27.1 7030.107115 

Lope2_2_3 572785 2 8 Humiriaceae Sacoglottis gabonensis 635 41.9 6848.163978 

Lope2_21_25 572778 21 30 Annonaceae Hexalobus crispiflorus 565 51.3 4031.607095 

Lope2_9_24 572769 9 29 Burseraceae Dacryodes buettneri 506 43.4 2898.977091 

Lope2_1_17 572762 1 22 Rubiaceae Corynanthe pachyceras 471 30.0 2281.489379 

Lope2_20_9 572748 20 14 Burseraceae Dacryodes igaganga 416 37 1751.356029 

Lope2_11_19 572746 11 24 Olacaceae Strombosia scheffleri 411 21.5 1529.507649 

Lope2_15_9 572745 15 14 Burseraceae Santiria trimera 406 32.7 1498.909116 

Lope2_20_17 572761 20 22 Burseraceae Aucoumea klaineana 465 35.4 1471.816041 

Lope2_5_5 572734 5 10 Burseraceae Santiria trimera 380 35 1405.434851 

Lope2_21_8 572724 21 13 Burseraceae Santiria trimera 360 32 1153.268582 

Lope2_10.5_n4.5 572728 9.5 3.5 Burseraceae Santiria trimera 371 30.0 1148.271419 

Lope2_15_17 572705 15 22 Fabaceae Dialium dinklagei 315 30.1 1100.256549 

Lope2_9_6 572688 9 11 Irvingiaceae Irvingia gabonensis 283 32.3 1020.292807 

Lope2_27_n4 572718 27 9 Burseraceae Dacryodes igaganga 344 31.3 1013.088252 

Lope2_16_22 572681 16 27 Irvingiaceae Desbordesia glaucescens 263 30.3 976.0970537 

Lope2_6_3 572680 6 8 Annonaceae Xylopia quintasii 259 32.3 841.0399658 

Lope2_21_4 572673 21 9 Annonaceae Xylopia quintasii 233 34.3 722.8039968 

Lope2_19_25 572672 19 30 Olacaceae Strombosia scheffleri 247 25.8 662.8925866 

Lope2_5_15 572649 5 20 Annonaceae Xylopia quintasii 224 27.1 527.8127912 

Lope2_2_11 572665 2 16 Burseraceae Dacryodes buettneri 243 29.2 449.8310387 

Lope2_7_16 572682 7 21 Euphorbiaceae Sibangea arborescens 273 19.4 406.4555486 
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Lope2_30_n3 572632 30 2 Fabaceae Pentaclethra macrophylla 206 22.1 401.4583475 

Lope2_20_n4 572610 20 1 Annonaceae Xylopia quintasii 187 28.5 386.8500491 

Lope2_3_15 572640 3 20 Burseraceae Santiria trimera 212 28.9 361.1977579 

Lope2_28_n1 572635 28 4 Burseraceae Santiria trimera 209 28.6 347.4034176 

Lope2_9_14 572615 9 19 Anacardiaceae Trichoscypha acuminata 191 25.6 306.3232872 

Lope2_9_9 572626 9 14 Annonaceae Xylopia quintasii 201 19.3 302.6662578 

Lope2_11_1 572578 11 6 Annonaceae Xylopia quintasii 166 27.0 288.7982276 

Lope2_10_n2 572627 10 3 Pandaceae Centroplacus glaucinus 201 24.2 281.1730624 

Lope2_25_2 572594 25 7 Humiriaceae Sacoglottis gabonensis 178 21.7 278.6842441 

Lope2_4_18 572603 4 23 Annonaceae Xylopia quintasii 181 21.4 272.1356926 

Lope2_4_16 572602 4 21 Anacardiaceae Trichoscypha acuminata 180 24.4 259.3033638 

Lope2_7_24 572619 7 29 Burseraceae Santiria trimera 194 24.1 252.2295608 

Lope2_14_23 572608 14 28 Euphorbiaceae Klaineanthus gabonii 186 21.2 206.1805918 

Lope2_21_17 572617 21 22 Anacardiaceae Trichoscypha acuminata 192 16.5 199.5077247 

Lope2_10_n4 572563 10 1 Burseraceae Santiria trimera 160 26.1 185.8043827 

Lope2_11_4 572595 11 9 Annonaceae Annickia chlorantha 178 24.2 170.6626333 

Lope2_14_16 572544 14 21 Pandaceae Centroplacus glaucinus 150 25.6 165.64896 

Lope2_23_16 572517 23 21 Annonaceae Xylopia quintasii 134 21.5 149.8520332 

Lope2_3_17 572534 3 22 Burseraceae Santiria trimera 142 23.9 134.0139694 

Lope2_11_5 572520 11 10 Pandaceae Centroplacus glaucinus 136 20.4 108.5111121 

Lope2_9_21 572562 9 26 Melastomataceae Memecylon diluviorum 160 12.8 104.9452804 

Lope2_3_15 572485 3 20 Lecythidaceae Scytopetalum indet 120 18.7 85.6647 

Lope2_22_5 572437 22 10 Rubiaceae Aidia indet 105 18.2 84.15791748 

Lope2_27_22 572457 27 27 Burseraceae Santiria trimera 109 19.9 65.74784967 

Lope2_14_22 572492 14 27 Malvaceae Grewia coriacea 121 18.1 58.94521211 

Lope2_19_18 572480 19 23 Pandaceae Centroplacus glaucinus 118 13.6 54.45893614 

Lope2_12_1 572434 12 6 Annonaceae Polyalthia suaveolens 104 14.1 53.94961853 

Lope2_14_24 572433 14 29 Annonaceae Polyalthia suaveolens 103 13.2 49.53942569 

Lope2_21_22 572420 21 27 Melastomataceae Memecylon diluviorum 100 14.0 44.83746113 
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Appendix B: Simulation Code Files 

Appendix B.1: ‘./startMe’ 

# Code provided courtesy of Dr M. Disney 

#!/bin/csh -f 

 

set n = $0:t 

 

set log = logs/log.${n}.$$ 

\rm -f $log 

 

set d = $cwd 

 

set un = ( `cat < machines.dat` ) 

@ i = 1 

while ( $i <= $#un ) 

    echo $un[$i] >> $log  

    ssh -f $un[$i] "cd $d; nice +19 ~/DATA/thesis/simulation_loop" 

    @ i++ 

end 

 

Appendix B.2: ‘simulation_loop.py’ 

#!/usr/bin/env python 

 

import numpy as np 

import glob 

import os, sys, stat 

 

 

# define the minimum and maximum simulation locations 

scene_min = -7.5 

scene_max = 7.5 

# define the point density 

scene_res = 0.5 

#scene_res = 0.1 

 

# loop through each simulation location for the x and y coordinates 

for xp in np.arange(scene_min,scene_max+scene_res, scene_res): 

    for yp in np.arange(scene_min,scene_max+scene_res, scene_res): 

        # creates a list of files relating to simulations already performed 

        file_array = np.array(glob.glob('./grab_scripts/*')) 

        # defines the x and y simulation coordinates in relation to the plot locations 

        x = ((xp*2)+15) 

        y = ((yp*2)+15) 

        # create a file handle for this simulation location 

        file_name = "%s_%s" %(x,y) 

        # determine whether this particular simulation has been performed yet 

        check = './grab_scripts/lidar.%s.dat' % file_name in file_array 

        # if it hasn't then start this simulation through the following steps: 

        if check == False: 

            # define the command for running this particular simulation 

            # code courtesy of Dr M. Disney (pers. comm. 2012) 

            grb_text1 = "echo 14 ./cameras/cam.%s.lidar.dat ./lights/lit.%s.lidar.dat | start -RATv -RATm 5 -

RATsensor_wavebands wb.dat.lidar Lope_scene.obj"%(file_name,file_name) 

            # create a file to store this command 

            # this also prevents this simulation from being repeated 

            grb = open('grab_scripts/lidar.%s.dat' % file_name, 'w') 
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            # define the name of this file as a variable 

            grab_file = './grab_scripts/lidar.%s.dat' % file_name 

            # write the simulation command to the file 

            grb.write(grb_text1) 

            # convert the file into an executable 

            os.chmod(grab_file, stat.S_IRWXU) 

            # close the file 

            grb.close() 

 

            # read in the pre-defined camera file data 

            camera1 = open('./cam1.lidar.dat', 'r') 

            camera2 = open('./cam2.lidar.dat', 'r') 

            camera3 = open('./cam3.lidar.dat', 'r') 

            # create a new camera file for this simulation 

            cam = open('cameras/cam.%s.lidar.dat' % file_name, 'w') 

            # write the first section of pre-defined data 

            cam.writelines(camera1) 

            # define the target location 

            cam.write('  geometry.lookAt = %s, %s, 0;'%(xp,yp)) 

            # write the second section of pre-defined data 

            cam.writelines(camera2) 

            # define the file which will store the results of this specific simulation 

            cam.write('  result.integral = "sim_results/results.%s.test.dat"'% file_name) 

            # write the third section of pre-defined data 

            cam.writelines(camera3) 

            # close the file 

            cam.close() 

 

            # read in the pre-defined light source data 

            light1 = open('./lit1.lidar.dat', 'r') 

            light2 = open('./lit2.lidar.dat', 'r') 

            # create a new light file for this simulation 

            lit = open('lights/lit.%s.lidar.dat' % file_name, 'w') 

            # write the first section of pre-defined data 

            lit.writelines(light1) 

            # define the target location 

            lit.write('  geometry.lookAt = %s, %s, 0;'%(xp,yp)) 

            # write the second section of pre-defined data 

            lit.writelines(light2) 

            # close the file 

            lit.close() 

 

            # execute the simulation 

            os.system("%s"% grab_file) 

 

            # define the command for converting the simulation results 

            # into intensity and height above ground 

            # code courtesy of Dr M. Disney (pers. comm. 2012) 

            grp1  = "grep -v \# " 

            grpIn = "./sim_results/results.%s.test.dat.direct " % file_name 

            grp2 = "| gawk \'{a=0;for(i=2;i<=NF;i++)a+=$i; print a, (2000-$1)/2.;}\' > " 

            grpOut = "./librat_data5/librat5.%s" % file_name 

            grpCMD = grp1 + grpIn + grp2 + grpOut 

            # execute this conversion command 

            os.system(grpCMD) 

 

        else: 

            pass 

print "simulations complete" 
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Appendix B.3: ‘librat2wave.py’ 

import numpy as np 

import glob 

 

 

# define a list of files within the data directory 

file_list = np.array(sorted(glob.glob('./librat_data5/*'))) 

 

# loop through each file 

for lfile in file_list: 

    # open the data file 

    z_data = np.loadtxt(lfile) 

    # create a new file to store the waveform data 

    wave = open('./simulation_data/W-15m-footprint/wave.%s' %((lfile.split('/')[-1]).split('librat5.')[-1]), 'w') 

    # loop through each line within the original data file 

    for line in np.arange(0,len(z_data)): 

        # multiply the height by 2 

        # as all heights were halved when building the 3D tree models 

        # due to the limitations of OnyxTREE 

        # write the intensity and height to the new data file  

        wave.write("%s %s\n"%(z_data[:,0][line],z_data[:,-1][line]*2)) 

    # close the file 

    wave.close() 
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Appendix C Simulation Camera and Light Files 

Appendix C.1: cam.7.5_22.5.lidar.dat 

camera { 

  camera.name  = "lidar"; 

  geometry.perspective = TRUE; 

  geometry.lookAt = -3.75, 3.75, 0; 

  geometry.boomLength = 1000; 

  geometry.azimuth = 0; 

  geometry.zenith = 0; 

  geometry.twist = 0.0; 

  geometry.idealArea = 2.5; 

#  geometry.fieldOfView  = 0.25; 

  samplingCharacteristics.nPixels = 100000; 

  samplingCharacteristics.rpp = 5; 

  geometry.imagingPlaneDimensions = 512,512;  

 

# o/p image 

#  result.image = "test.hips" 

  result.integral.mode = "distance" 

 

 

  result.integral = "sim_results/results.7.5_22.5.test.dat" 

 

#  samplingPattern.OPImage = "testOPImage.hips" 

#  samplingPattern.sampleCountImage = "testsampleCountImage.hips" 

#  samplingPattern.gridMap = "testgridMap.hips" 

#   samplingPattern.size = 512,512; 

#   samplingPattern.form = "circular" 

#  samplingPattern.form = "gaussian" 

#  samplingPattern.sd = 2.5,2.5; 

#  samplingPattern.centre = 0,0; 

 

#  samplingPattern.modulationMap = "modmap.hips" 

 

# max h = 16.58 

  lidar.nBins = 2400 

  lidar.binStart = 1940 

  lidar.binStep = 0.025 

}  

 

Appendix C.2: lit.7.5_22.5.lidar.dat 

camera { 

  camera.name  = "simple illumination"; 

  geometry.perspective = TRUE; 

  geometry.idealArea = 0.25, 0.25 

#  geometry.fieldOfView  = 0.25; 

  geometry.twist = 0.0; 

  geometry.lookAt = -3.75, 3.75, 0; 

  geometry.boomLength = 1000.; 

  geometry.azimuth = 0; 

  geometry.zenith = 0; 

}  
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Appendix D: Discrete-Return LiDAR Generation 

Appendix D.1: ‘wave2discrete.py’ 

import numpy as np 

import glob 

 

# define the directory of waveform files to transform to discrete lidar 

file_list = np.array(sorted(glob.glob('./simulation_data/W1/*'))) 

 

# loop through all the files 

for lfile in file_list: 

    # load in the file 

    z_data = np.loadtxt(lfile) 

    # create a list of heights at which the intensity is greater than 0 

    z_stuff = z_data[np.where(z_data[:,0] > 0)] 

    # define the discrete data as the first and last entry within the above file 

    z_dis = [z_stuff[0]] + [z_data[-1]] 

    # create a file to write the data to 

    discrete = open('./simulation_data/D1T/discrete.%s' %((lfile.split('/')[-1]).split('.')[-1]), 'w') 

    # write the first return intensity and height 

    discrete.write("%s %s\n"%(z_dis[0][0], z_dis[0][1])) 

    # write the last return intensity and height 

    discrete.write("%s %s"%(z_dis[-1][0], z_dis[-1][1])) 

    discrete.close() 

 

Appendix D.2: ‘w2d_threshold.py’ 

import numpy as np 

import glob 

 

# define the directory of waveform files to transform to discrete lidar 

file_list = np.array(sorted(glob.glob('./simulation_data/W1/*'))) 

 

# loop through all the files 

for lfile in file_list: 

    # load in the file 

    z_data = np.loadtxt(lfile) 

    # a threshold of 1% used based upon the following papers: 

    # Disney et al. 2010; Hancock et al. 2011 

    # upper threshold relating to 1% of the total energy 

    upper = np.sum(z_data[:,0])*0.01 

    # lower threshold relating to 99% of the total energy 

    lower = np.sum(z_data[:,0])*0.99 

    # cumulative tally 

    tally = 0.0 

    # loop through each row/height in the waveform data 

    for line in z_data: 

        # add the intensity of each line to the cumulative tally 

        tally += line[0] 

        # if the tally total is greater than or equal to the upper limit 

        # then the first return is equal to this entry (height and intensity)         

        if tally >= upper: 

            first = line 

            break 

        # otherwise pass to the next row 

        else: 

            pass 

    # cumulative tally 
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    tally2 = 0.0 

    # loop through each row/height in the waveform data 

    for line in z_data: 

        # add the intensity of each line to the cumulative tally 

        tally2 += line[0] 

        # if the tally total is greater than or equal to the lower limit 

        # then the last return is equal to this entry (height and intensity) 

        if tally2 >= lower: 

            last = line 

            break 

        # otherwise pass to the next row 

        else: 

            pass 

    # create a file to write the data to 

    discrete = open('./simulation_data/D1T/discrete.%s' %((lfile.split('/')[-1]).split('.')[-1]), 'w') 

    # write the first return intensity and height 

    discrete.write("%s %s\n"%(first[0], first[1])) 

    # write the last return intensity and height 

    discrete.write("%s %s"%(last[0], last[1])) 

    discrete.close() 
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Appendix E: Discrete Return LiDAR Generation 

import numpy as np 

import glob 

import matplotlib.pyplot as plt 

from scipy import interpolate 

 

# setting out the file name and the pseudo-wave variables: 

# this includes the type of lidar data 

# the point density 

# the type of trigger for determining the first-last returns 

# the pseudo-wave footprint size 

# the height resolution of the pseudo-wave bins 

lidar_type = "P" 

density = "1" 

ret = "T" 

foot_print = "15" 

foot_res = 15 

pseudo_bin = "5" 

bin_res = 5.0 

 

# defines a height above the maximum tree height within the scene 

# define the maximum size of the scene 

height_max = 60 

foot_max = 30 

 

# defines the discrete return lidar data from which the pseudo-wave is created 

orig_dir = "D1T" 

new_dir = lidar_type + density + ret + foot_print + "-" + pseudo_bin 

print new_dir 

 

# creates a list of files within the selected directory 

file_list = np.array(sorted(glob.glob('./simulation_data/%s/*' %orig_dir))) 

# sets the number of bins and their resolution 

bin_list = np.arange(bin_res/2,height_max+bin_res,bin_res) 

footprint_list = np.arange(1,foot_max,foot_res) 

 

# this section creates the psuedo-wave: 

 

# loops through the footprints in a grid (x-y) fashion 

for footx in footprint_list: 

    for footy in footprint_list: 

        # defines an empty list to temporaily store the first and last returns 

        height_list = [] 

        # loops through all the files within the directory 

        for l_file in file_list: 

            # identifies the location of the data within the scene 

            xp = ((l_file.split('/')[-1]).split('.')[-1]).split('_')[-2] 

            yp = ((l_file.split('/')[-1]).split('.')[-1]).split('_')[-1] 

            x = float(xp) 

            y = float(yp) 

            # determines whether this file is within the footprint being examined 

            if x >= footx and x < footx+foot_res and y >= footy and y < footy+foot_res: 

                # if the file is within the footprint then the file is loaded 

                z_data = np.loadtxt(l_file) 

                # append the first return (height and intensity) to the temporary height list 

                height_list.append(z_data[0]) 

                # append the last return (height and intensity) to the temporary height list 

                height_list.append(z_data[-1]) 

        # sorts the temp height list by height 

        height_list.sort(key = lambda x: x[-1]) 
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        # defines an empty list to store the frequency of returns within each bin 

        freq_count = [] 

        # defines an empty list to store the total intensity of the returns within each bin 

        int_count = [] 

        # loops through all the possible height bins 

        for j in bin_list[:-1]: 

            # defines a temporary list from which to store the returns within each bin 

            # the list is given an initial entry of [0,0] 

            # this allows the total intensity to be calculated as 0 

            # if there are no returns within a specific bin then result is 0 

            binning = [[0,0]] 

            # loops through all the entries within the temporary height list 

            for height in height_list: 

                # determines whether this entry falls within the bin currently being processed 

                if height[-1] < j+(bin_res/2) and height[-1] >= j-(bin_res/2): 

                    # if it is within the bin, then this is appended to the temporary bin list 

                    binning.append(height.tolist()) 

            # determines the number of returns within each bin 

            # "-1" to remove the additional [0,0] entry initially entered into the list 

            # this ensures a frequency of 0 where there are no returns within that bin 

            freq = len(binning)-1 

            # appends this result to the frequency list 

            freq_count.append(freq) 

            # determines the total intensity of the returns from within this bin 

            intens = np.sum(np.array(binning)[:,0]) 

            # appends this result to the intensity list 

            int_count.append(intens) 

 

        # creates a file to store the bin frequencies 

        freq_pseudo = open('./simulation_data/%s/freq_pseudo_bins_%s.%s_%s'%(new_dir, new_dir,footx,footy), 'w') 

        # define a count tally to keep track of which entry is being written to the file 

        f_count = 0 

        # loop through each entry in the frequency list 

        for line in freq_count: 

            # write the frequency to the file 

            freq_pseudo.write("%s " % line) 

            # write the height (middle height in the bin) alongside the frequency 

            freq_pseudo.write("%s\n" % bin_list[f_count]) 

            # increase the tally 

            f_count += 1 

        freq_pseudo.close() 

 

        # creates a file to store the bin intensities 

        int_pseudo = open('./simulation_data/%s/int_pseudo_bins_%s.%s_%s'%(new_dir, new_dir, footx,footy), 'w') 

        # define a count tally to keep track of which entry is being written to the file 

        i_count = 0 

        # loop through each entry in the intensity list 

        for line in int_count: 

            # write the intensity to the file 

            int_pseudo.write("%s " % line) 

            # write the height (middle height in the bin) alongside the frequency 

            int_pseudo.write("%s\n" % bin_list[i_count]) 

            # increase the tally 

            i_count += 1 

        int_pseudo.close() 

 

 

        # this creates a spline function which is used to generate the wave 

        # the spline is applied to both the frequency and intensity 

        f_strp = interpolate.splrep(bin_list[:-1], freq_count) 

        i_strp = interpolate.splrep(bin_list[:-1], int_count) 
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        # determines the height resolution of the pseudo-wave 

        res_wave = np.arange(1, j, 0.025) 

        # generates the wave using the spline function at the above resolution 

        # this is applied to both frequency and intensity 

        f_wave = interpolate.splev(res_wave, f_strp) 

        i_wave = interpolate.splev(res_wave, i_strp) 

 

        # this ensures that where the spline interpolates below zero the value is reset to 0 

        # it is impossible to get a negative frequency or intensity, thus this is applied 

        f_wave2 = np.copy(f_wave) 

        f_wave2[np.where(f_wave < 0)] = 0 

 

        # Linear normalisation (scaling) using the following formula 

        # New_item = New_min + (New_max - New_min) * (Old_item - Old_min)/(Old_max - Old_min) 

        # New_min = 0 and New_max = 1 

        # therefore the first part of the equation can be removed 

        norm_i_wave = (i_wave - i_wave.min())/(i_wave.max() - i_wave.min()) 

 

        # creates a file to write the frequency pseudo-wave 

        freq_pseudo = open('./simulation_data/%s/freq_pseudo_wave_%s.%s_%s'%(new_dir, new_dir,footx,footy), 'w') 

        # defines the lowest height for the pseudo-wave 

        f_count = 1 

        # loops through the pseudo-wave entries 

        for line in f_wave2: 

            # writes each entry to the file 

            freq_pseudo.write("%s " % line) 

            # writes the height for each entry to the file 

            freq_pseudo.write("%s\n" % f_count) 

            # increases the height by 0.025 (the height resolution of the wave) 

            f_count += 0.025 

        freq_pseudo.close() 

 

 

        # creates a file to write the intensity pseudo-wave 

        int_pseudo = open('./simulation_data/%s/int_pseudo_wave_%s.%s_%s'%(new_dir, new_dir,footx,footy), 'w') 

        # defines the lowest height for the pseudo-wave 

        i_count = 1 

        # loops through the pseudo-wave entries 

        for line in norm_i_wave: 

            # writes each entry to the file 

            int_pseudo.write("%s " % line) 

            # writes the height for each entry to the file 

            int_pseudo.write("%s\n" % i_count) 

            # increases the height by 0.025 (the height resolution of the wave) 

            i_count += 0.025 

        int_pseudo.close() 
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Appendix F: Muss Biomass Estimation 

import numpy as np 

import math 

import scipy 

import scipy.optimize 

import glob 

 

def p_agb(plot_x, plot_y, x_range, y_range, res, plot_biomass): 

    """ 

    assigns the biomass data for each individual tree 

    into the corresponding footprint for the pseudo-wave 

    returning a list of biomass values for each footprint 

 

    required input data: 

        plot_x:       list of x coordinates for each individual tree 

        plot_y:       list of y coordinates for each individual tree 

        x_range:      list of minimum x coordinates for each footprint within the scene 

        y_range:      list of minimum y coordinates for each footprint within the scene 

        res:          size of square footprints (in pixels) 

        plot_biomass: list of biomass calculations for each individual tree 

                      calculated using the Chave et al. 2005 wet biomass estimation model 

    """ 

    # empty list which will be used to store the total biomass for each footprint 

    p_agb = [] 

    # default figure of 0.0 to append where there are no individual trees within a specific footprint 

    nan = 0.0 

    # loop through each footprint 

    for xs in x_range: 

        for ys in y_range: 

            # sets the minimum x and y coordinates within the footprint 

            x_low = xs 

            y_low = ys 

            # sets the maximum x and y coordinates within the footprint 

            x_high = xs+res 

            y_high = ys+res 

            # idenfies which trees fall within the footprint: 

            # greater than or equal to the minimum x coordinate 

            x_chck1 = np.where(plot_x >= x_low)[0] 

            # less than the maximum x coordinate 

            x_chck2 = np.where(plot_x < x_high)[0] 

            # greater than or equal to the minimum y coordinate 

            y_chck1 = np.where(plot_y >= y_low)[0] 

            # less than the maximum y coordinate 

            y_chck2 = np.where(plot_y < y_high)[0] 

            # compiles the common matches between the above four lists 

            matches = list(set(x_chck2) & set(x_chck1) & set(y_chck2) & set(y_chck1)) 

            # calculate the total biomass from each individual tree within the footprint 

            # then append this value to the empty list of footprint biomass values 

            if len(matches) > 0: 

                p_agb.append(np.sum(plot_biomass[matches])) 

            # if there are no trees within the footprint, append the default value of 0.0 

            else: 

                p_agb.append(nan) 

    return p_agb 

 

def l_variables(file_list, x_range, y_range, res): 

    """ 

    identifies the pseudo-waves relating to each footprint 

    Returns the maximum height of the psesudo-wave 

    and the height at which the maximum return of the pseudo-wave 
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    requires: 

        file_list: a list of pseudo-wave files 

        x_range:   list of minimum x coordinates for each footprint within the scene 

        y_range:   list of minimum y coordinates for each footprint within the scene 

        res:       size of square footprints (in pixels) 

    """ 

    # empty list which will be used to store the maximum frequency height from each pseudo-wave 

    mid_h = [] 

    # empty list which will be used to store the maximum height from each pseudo-wave 

    max_h = [] 

    # loops through each footprint 

    # this ensures that the pseudo-waves are dealt with in the same order as the plot data 

    for xs in x_range: 

        for ys in y_range: 

            # loops through each psuedo-wave file 

            for l_file in file_list: 

                # determines the minimum x and y coordinates of the pseudo-wave 

                lx = int((l_file.split('.')[-1]).split('_')[0]) 

                ly = int((l_file.split('.')[-1]).split('_')[1]) 

                # identifies whether this file relates to this pseudo-wave or not 

                if lx == xs and ly == ys: 

                    # if it does then the follow steps are taken 

                    # if not, then that file is passed 

                    # load the file 

                    lidar_file = np.loadtxt(l_file) 

                    # determine the upper threshold of 99% the total frequency 

                    top = np.sum(lidar_file[:,0])*0.99 

                    # this tally is used as a cumulative total of the frequency through each height 

                    tally = 0.0 

                    # loops through each row/height in the pseudo-wave file 

                    for line in lidar_file: 

                        # adds the frequency for each height to the cumulative tally 

                        tally += line[0] 

                        # if the tally exceeds the upper threshold the loop breaks 

                        # top_count then relates to the location of the top of the pseudo-wave 

                        # based upon a 99% threshold 

                        if tally >= top: 

                            max_height = line[1] 

                            break 

                        # if the tally is below the upper threshold 1 is added to the top_count 

                        # and it the next row is considered 

                        else: 

                            pass 

                    # identify the maximum return of the pseudo-wave 

                    mid = np.max(lidar_file[360:,0]) 

                    # identify the height at which the maximum return occurs and store 

                    mid_h.append(lidar_file[np.where(lidar_file[:,0] == mid)[0][0]][1]) 

                    # store the maximum height 

                    max_h.append(max_height) 

                # if the file does not relate to the footprint, it is passed 

                else: 

                    pass 

    return mid_h, max_h 
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def agb_muss(muss_parameters, lidar_variables): 

    """ 

    calculates the biomass for each pseudo-wave footprint 

    this biomass model has been published in Muss et al. 2012 

    returns a biomass value for each pseudo-wave in Mg ha^-1 

 

    requires: 

    muss_parameters: list of parameters used within the model 

    lidar_variables: list of heights relating to the 50th height percentile 

    """ 

    # empty list which will be used to store the calculated biomass values 

    bmass = [] 

    # defines the parameters 

    A1 = muss_parameters[0] 

    B1 = muss_parameters[1] 

    C1 = muss_parameters[2] 

    # loops through each psuedo-wave footprint 

    for i in np.arange(0,len(lidar_variables[0])): 

        # defines the value of the lidar variables used in the model 

        mid_h = lidar_variables[0][i] 

        max_h = lidar_variables[1][i] 

        # calculates the biomass and appends it to the list of the biomass 

        bmass.append(math.exp((A1*max_h)+(B1*(mid_h/max_h))-C1)) 

    return bmass 

 

def rmse(parameters, lidar_variables, plot_agb): 

    """ 

    determines the RMSE of the modelled biomass 

    using the plot biomass as the truth data 

    returns the overall RMSE over all footprints 

 

    requires: 

    parameters:      list of parameters used within the model 

    lidar_variables: list of heights relating to the 50th height percentile 

    plot_agb:        biomass determined from the plot data 

    """ 

    # converts the list of plot based biomass into an array 

    plot_agb2 = np.array(plot_agb) 

    # determines the RMSE and returns the value 

    rmse = ((((agb_muss(parameters, lidar_variables)-plot_agb2)**2).sum()/len(plot_agb2))**0.5) 

    return rmse 

 

# loads the plot data, and defines the required variables 

plot_data = np.loadtxt('plot_data.dat', skiprows = 0) 

plot_x = plot_data[:,0] 

plot_y = plot_data[:,1] 

plot_biomass = plot_data[:,6] 

# defines the maximum resolution of the scene 

maxi = 30 

# defines an initial set of parameters used within the biomass model 

muss_parameters = [0.2, 1.6, 0.8] 

# determines the list of directories to loop through 

dir_list = np.array(sorted(glob.glob('./simulation_data/P*'))) 

# loop through all directories 

for direc in dir_list: 

    # split the directory name to determine the data label 

    data_label = direc.split('/')[-1] 

    # split the data label to determine the height resolution 

    height_res = data_label.split('-')[-1] 

    # split the data label to determine the footprint size 

    foot_res = data_label[3:].split('-')[0] 
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    # split the data label to determine the point density 

    point_density = data_label[1] 

    # split the data label to determine the triggering technique 

    return_type = data_label[2] 

    # determines the resolution of the footprints 

    res = int(foot_res) 

    # determines lists of minimum x and y coordinates for each footprint within the scene 

    x_range = np.arange(1, maxi+1, res) 

    y_range = np.arange(1, maxi+1, res) 

    # determines a list of the files within the directory which will be used in the biomass estimates 

    file_list = np.array(glob.glob(direc + '/freq_pseudo_wave*')) 

    # calculate the total biomass for each footprint using the plot data 

    plot_agb = p_agb(plot_x, plot_y, x_range, y_range, res, plot_biomass) 

    # calculate the variables needed for use within the biomass model 

    lidar_variables = l_variables(file_list, x_range, y_range, res) 

    # calculate an initial lidar biomass estimate 

    lidar_agb = agb_muss(muss_parameters, lidar_variables) 

    # optimise the parameters of the biomass model using the plot biomass data 

    opt_params = scipy.optimize.fmin(rmse, muss_parameters, args = (lidar_variables, plot_agb)) 

    # calculate the RMSE for the optimised model 

    opt_rmse = rmse(opt_params, lidar_variables, plot_agb) 

    # calculate the total biomass within the scene from the optimised model 

    opt_agb_total = np.sum(agb_muss(opt_params, lidar_variables)) 

    # define the mathematical description of the model 

    opt_model = "AGB=exp((%s*max)+(%s*(mid/max))-%s)" %(opt_params[0], opt_params[1], opt_params[2]) 

 

    # open the biomass results file 

    muss_biomass_results = open('./biomass/biomass_results.dat', 'a+b') 

    # write the results to this file along with the metadata 

    muss_biomass_results.writelines('%s ' %data_label) 

    muss_biomass_results.write('%s ' %height_res) 

    muss_biomass_results.write('%s ' %foot_res) 

    muss_biomass_results.write('%s ' %return_type) 

    muss_biomass_results.write('%s ' %point_density) 

    muss_biomass_results.write('MUSS ') 

    muss_biomass_results.write('%s ' %opt_model) 

    muss_biomass_results.write('%s ' %opt_agb_total) 

    muss_biomass_results.write('%s\n' %opt_rmse) 

    muss_biomass_results.close() 

print 'operation complete' 
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Appendix G: Garcia Biomass Estimation 

import numpy as np 

import math 

import scipy.optimize 

import glob 

 

def p_agb(plot_x, plot_y, x_range, y_range, res, plot_biomass): 

    """ 

    assigns the biomass data for each individual tree 

    into the corresponding footprint for the pseudo-wave 

    returning a list of biomass values for each footprint 

 

    required input data: 

        plot_x:       list of x coordinates for each individual tree 

        plot_y:       list of y coordinates for each individual tree 

        x_range:      list of minimum x coordinates for each footprint within the scene 

        y_range:      list of minimum y coordinates for each footprint within the scene 

        res:          size of square footprints (in pixels) 

        plot_biomass: list of biomass calculations for each individual tree 

                      calculated using the Chave et al. 2005 wet biomass estimation model 

    """ 

    # empty list which will be used to store the total biomass for each footprint 

    p_agb = [] 

    # default figure of 0.0 to append where there are no individual trees within a specific footprint 

    nan = 0.0 

    # loop through each footprint 

    for xs in x_range: 

        for ys in y_range: 

            # sets the minimum x and y coordinates within the footprint 

            x_low = xs 

            y_low = ys 

            # sets the maximum x and y coordinates within the footprint 

            x_high = xs+res 

            y_high = ys+res 

            # idenfies which trees fall within the footprint: 

            # greater than or equal to the minimum x coordinate 

            x_chck1 = np.where(plot_x >= x_low)[0] 

            # less than the maximum x coordinate 

            x_chck2 = np.where(plot_x < x_high)[0] 

            # greater than or equal to the minimum y coordinate 

            y_chck1 = np.where(plot_y >= y_low)[0] 

            # less than the maximum y coordinate 

            y_chck2 = np.where(plot_y < y_high)[0] 

            # compiles the common matches between the above four lists 

            matches = list(set(x_chck2) & set(x_chck1) & set(y_chck2) & set(y_chck1)) 

            # calculate the total biomass from each individual tree within the footprint 

            # then append this value to the empty list of footprint biomass values 

            if len(matches) > 0: 

                p_agb.append(np.sum(plot_biomass[matches])) 

            # if there are no trees within the footprint, append the default value of 0.0 

            else: 

                p_agb.append(nan) 

    return p_agb 

 

def l_variables(freq_list, int_list, x_range, y_range, res): 

    """ 

    identifies the pseudo-waves relating to each footprint 

    Returns the 50th height percentile from each pseudo-wave 

    and the total return intensity at the 25th height percentile 
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    requires: 

        freq_list: a list of frequency based pseudo-wave files 

        int_list:  a list of the intensity based pseudo-wave files 

        x_range:   list of minimum x coordinates for each footprint within the scene 

        y_range:   list of minimum y coordinates for each footprint within the scene 

        res:       size of square footprints (in pixels) 

    """ 

    # empty list which will be used to store the 50th height percentile from each pseudo-wave 

    H50 = [] 

    # empty list which will be used to store the 25th height percentile from each pseudo-wave 

    H25 = [] 

    # empty list which will be used to store the intensity at the 25th height percentile 

    Int25 = [] 

    # loops through each footprint 

    # this ensures that the pseudo-waves are dealt with in the same order as the plot data 

    for xs in x_range: 

        for ys in y_range: 

            # loops through each frequency psuedo-wave file 

            for f_file in freq_list: 

                # determines the minimum x and y coordinates of the pseudo-wave 

                fx = int((f_file.split('.')[-1]).split('_')[0]) 

                fy = int((f_file.split('.')[-1]).split('_')[1]) 

                # identifies whether this file relates to this pseudo-wave or not 

                if fx == xs and fy == ys: 

                    # if it does then the follow steps are taken 

                    # if not, then that file is passed 

                    # load the file 

                    freq_file = np.loadtxt(f_file) 

                    # determine the upper threshold of 99% the total frequency 

                    top = np.sum(freq_file[:,0])*0.99 

                    # determine the lower threshold of 1% the total frequency 

                    bottom = np.sum(freq_file[:,0])*0.01 

                    # this tally is used as a cumulative total of the frequency through each height 

                    tally = 0.0 

                    # this count relates to the position of the height starting at position 0 

                    top_count = 0 

                    # loops through each row/height in the pseudo-wave file 

                    for f_line in freq_file: 

                        # adds the frequency for each height to the cumulative tally 

                        tally += f_line[0] 

                        # if the tally exceeds the upper threshold the loop breaks 

                        # top_count then relates to the location of the top of the pseudo-wave 

                        # based upon a 99% threshold 

                        if tally >= top: 

                            break 

                        # if the tally is below the upper threshold 1 is added to the top_count 

                        # and it the next row is considered 

                        else: 

                            top_count += 1 

                    # the same process as above is repeated to determine the bottom of the pseudo-wave 

                    # tally2 is a cumulative tally of the frequency increasing with each height/row 

                    tally2 = 0.0 

                    # this count relates to the position of the height starting at position 0 

                    bottom_count = 0 

 

                    # loops through each row/height in the pseudo-wave file 

                    for fline in freq_file: 

                        # adds the frequency for each height to the cumulative tally 

                        tally2 += fline[0] 

                        # if the tally exceeds the lower threshold the loop breaks 
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                        # bottom_count then relates to the location of the bottom of the pseudo-wave 

                        # based upon a 1% threshold 

                        if tally2 >= bottom: 

                            break 

                        # if the tally is below the lower threshold 1 is added to the bottom_count 

                        # and it the next row is considered 

                        else: 

                            bottom_count += 1 

                    # defines the total frequency for all heights 

                    # between the top and bottom of the pseudo-wave 

                    trees = np.sum(freq_file[bottom_count:top_count,0]) 

                    # determines the value for the 50th height percentile 

                    p_50 = trees*0.75 

                    # determines the value for the 25th height percentile 

                    p_25 = trees*0.625 

                    # count to determine the row during the following loop 

                    count = 0 

                    # cumulative tally of the height frequencies 

                    P50 = 0 

                    # loops through each row between the top and bottom of the pseudo-wave 

                    for h in freq_file[bottom_count:top_count,0]: 

                        # adds the frequency for each height to the cumulative tally 

                        P50 += h 

                        # if the cumulative tally is greater than or equal to the 50th height percentile value 

                        if P50 >= p_50: 

                            # append the height at which this happened to the list 

                            h_50 = freq_file[bottom_count:top_count,1][count] 

                            H50.append(h_50) 

                            break 

                        # if the cumulative tally is less than the 50th height percentile 

                        else: 

                            # add one to the count 

                            count += 1 

                    # count to determine the row during the following loop 

                    count2 = 0 

                    # cumulative tally of the height frequencies 

                    P25 = 0 

                    # loops through each row between the top and bottom of the pseudo-wave 

                    for h2 in freq_file[bottom_count:top_count,0]: 

                       # adds the frequency for each height to the cumulative tally 

                        P25 += h2 

                        # if the cumulative tally is greater than or equal to the 25th height percentile value 

                        if P25 >= p_25: 

                            H25.append(count2) 

                            break 

                        # if the cumulative tally is less than the 25th height percentile 

                        else: 

                            # add one to the count 

                            count2 += 1 

                # if the file does not relate to the footprint, it is passed 

                else: 

                    pass 

            # loops through each intensity psuedo-wave file 

            for i_file in int_list: 

                # determines the minimum x and y coordinates of the pseudo-wave 

                ix = int((i_file.split('.')[-1]).split('_')[0]) 

                iy = int((i_file.split('.')[-1]).split('_')[1]) 

                # identifies whether this file relates to this pseudo-wave or not 

                if ix == xs and iy == ys: 

                    # if it does then the follow steps are taken 

                    # if not, then that file is passed 
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                    # load the file 

                    int_file = np.loadtxt(i_file) 

                    # identify the intensity at the 25th height percentile 

                    j = H25[-1] 

                    i_25P = int_file[j,0] 

                    # calculate the total intensity from the object in the pseudo-wave 

                    total_int = np.sum(int_file[bottom_count:top_count,0]) 

                    # calculate the proportion of total intensity at the 25th height percentile 

                    Pint25 = i_25P/total_int 

                    Int25.append(Pint25) 

                else: 

                    pass 

    return H50, Int25 

 

def agb_garcia(garcia_parameters, lidar_variables): 

    """ 

    calculates the biomass for each pseudo-wave footprint 

    this biomass model has been published in Garcia et al. 2010 

    returns a biomass value for each pseudo-wave in Mg ha^-1 

 

    requires: 

    garcia_parameters:   list of parameters used within the model 

    lidar_variables: list of heights relating to the 50th height percentile, 

                     and list of intensity values at the 25th height percentile 

    """ 

    # empty list which will be used to store the calculated biomass values 

    bmass = [] 

    # defines the parameters 

    A1 = garcia_parameters[0] 

    B1 = garcia_parameters[1] 

    C1 = garcia_parameters[2] 

    # loops through each psuedo-wave footprint 

    for i in np.arange(0,len(lidar_variables[0])): 

        # defines the value of the lidar variables used in the model 

        h50 = lidar_variables[0][i] 

        int_25p = lidar_variables[1][i] 

        # calculates the biomass and appends it to the list of the biomass 

        bmass.append(A1+(B1*(1/h50))+(C1*int_25p)) 

    return bmass 

 

def rmse(parameters, lidar_variables, plot_agb): 

    """ 

    determines the RMSE of the modelled biomass 

    using the plot biomass as the truth data 

    returns the overall RMSE over all footprints 

 

    requires: 

    parameters:      list of parameters used within the model 

    lidar_variables: list of heights relating to the 50th height percentile 

    plot_agb:        biomass determined from the plot data 

    """ 

    # converts the list of plot based biomass into an array 

    plot_agb = np.array(plot_agb) 

 

    # determines the RMSE and returns the value 

    rmse = ((((agb_garcia(parameters, lidar_variables)-plot_agb)**2).sum()/len(plot_agb))**0.5) 

    return rmse 

# loads the plot data, and defines the required variables 

plot_data = np.loadtxt('plot_data.dat', skiprows = 0) 

plot_x = plot_data[:,0] 
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plot_y = plot_data[:,1] 

plot_biomass = plot_data[:,6] 

# defines the maximum resolution of the scene 

maxi = 30 

# defines an initial set of parameters used within the biomass model 

garcia_parameters = [0.2, 1.6, 0.8] 

# determines the list of directories to loop through 

dir_list = np.array(sorted(glob.glob('./simulation_data/P*'))) 

# loop through all directories 

for direc in dir_list: 

    # split the directory name to determine the data label 

    data_label = direc.split('/')[-1] 

    # split the data label to determine the height resolution 

    height_res = data_label.split('-')[-1] 

    # split the data label to determine the footprint size 

    foot_res = data_label[3:].split('-')[0] 

    # split the data label to determine the point density 

    point_density = data_label[1] 

    # split the data label to determine the triggering technique 

    return_type = data_label[2] 

    # determines the resolution of the footprints 

    res = int(foot_res) 

    # determines lists of minimum x and y coordinates for each footprint within the scene 

    x_range = np.arange(1, maxi+1, res) 

    y_range = np.arange(1, maxi+1, res) 

    # determines a list of the frequency files within the directory which will be used in the biomass estimates 

    freq_list = np.array(glob.glob(direc + '/freq_pseudo_wave*')) 

    # determines a list of the intensity files within the directory which will be used in the biomass estimates 

    int_list = np.array(glob.glob(direc + '/int_pseudo_wave*')) 

    # calculate the total biomass for each footprint using the plot data 

    plot_agb = p_agb(plot_x, plot_y, x_range, y_range, res, plot_biomass) 

    # calculate the variables needed for use within the biomass model 

    lidar_variables = l_variables(freq_list, int_list, x_range, y_range, res) 

    # calculate an initial lidar biomass estimate 

    lidar_agb = agb_garcia(garcia_parameters, lidar_variables) 

    # optimise the parameters of the biomass model using the plot biomass data 

    opt_params = scipy.optimize.fmin_powell(rmse, garcia_parameters, args = (lidar_variables, plot_agb)) 

    # calculate the RMSE for the optimised model 

    opt_rmse = rmse(opt_params, lidar_variables, plot_agb) 

    # calculate the total biomass within the scene from the optimised model 

    opt_agb_total = np.sum(agb_garcia(opt_params, lidar_variables)) 

    # define the mathematical description of the model 

    opt_model = "AGB=%s+%s(1/H50)+%s(P25_int))" %(opt_params[0], opt_params[1], opt_params[2]) 

    # open the biomass results file 

    garcia_biomass_results = open('./biomass/biomass_results.dat', 'a+b') 

    # write the results to this file along with the metadata 

    garcia_biomass_results.write('%s ' %data_label) 

    garcia_biomass_results.write('%s ' %height_res) 

    garcia_biomass_results.write('%s ' %foot_res) 

    garcia_biomass_results.write('%s ' %return_type) 

    garcia_biomass_results.write('%s ' %point_density) 

    garcia_biomass_results.write('GARCIA ') 

    garcia_biomass_results.write('%s ' %opt_model) 

    garcia_biomass_results.write('%s ' %opt_agb_total) 

    garcia_biomass_results.write('%s\n' %opt_rmse) 

    garcia_biomass_results.close() 

print 'operation complete' 
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Appendix H: Saatchi Biomass Estimation 

import numpy as np 

import math 

import scipy.optimize 

import glob 

 

def p_agb(plot_x, plot_y, x_range, y_range, res, plot_biomass, height, DBH): 

    """ 

    assigns the biomass, DBH, and height data for each individual tree 

    into the corresponding footprint for the pseudo-wave 

    returning a list of biomass, DBH and heights values within each footprint 

 

    required input data: 

        plot_x:       list of x coordinates for each individual tree 

        plot_y:       list of y coordinates for each individual tree 

        x_range:      list of minimum x coordinates for each footprint within the scene 

        y_range:      list of minimum y coordinates for each footprint within the scene 

        res:          size of square footprints (in pixels) 

        plot_biomass: list of biomass calculations for each individual tree 

                      calculated using the Chave et al. 2005 wet biomass estimation model 

        height:       list of height data for each individual tree 

        DBH:          list of diameter-at-breast-height for each individual tree 

    """ 

    # empty lists which will be used to store the biomass, DBH, and height for each footprint 

    p_agb = [] 

    DBH_list = [] 

    height_list = [] 

    # default figure of 0.0 to append where there are no individual trees within a specific footprint 

    nan = 0.0 

    nan2 = [0.0] 

    # loop through each footprint 

    for xs in x_range: 

        for ys in y_range: 

            # sets the minimum x and y coordinates within the footprint 

            x_low = xs 

            y_low = ys 

            # sets the maximum x and y coordinates within the footprint 

            x_high = xs+res 

            y_high = ys+res 

            # idenfies which trees fall within the footprint: 

            # greater than or equal to the minimum x coordinate 

            x_chck1 = np.where(plot_x >= x_low)[0] 

            # less than the maximum x coordinate 

            x_chck2 = np.where(plot_x < x_high)[0] 

            # greater than or equal to the minimum y coordinate 

            y_chck1 = np.where(plot_y >= y_low)[0] 

            # less than the maximum y coordinate 

            y_chck2 = np.where(plot_y < y_high)[0] 

            # compiles the common matches between the above four lists 

            matches = list(set(x_chck2) & set(x_chck1) & set(y_chck2) & set(y_chck1)) 

            # calculate the total biomass from each individual tree within the footprint 

            # then append this value to the empty list of footprint values 

            if len(matches) > 0: 

                # biomass 

                p_agb.append(np.sum(plot_biomass[matches])) 

                # height 

                height_list.append(list(height[matches])) 

                # diameter at breast height 

                DBH_list.append(list(DBH[matches])) 

            # if there are no trees within the footprint, append the default value of 0.0 
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            else: 

                p_agb.append(nan) 

                height_list.append(nan2) 

                DBH_list.append(nan2) 

    return p_agb, height_list, DBH_list 

 

def p_lorey(DBH_list, height_list): 

    """ 

    the diameter for each tree is used to calculate the relative basal area 

        Basal Area = pi*(radius**2) 

    then the basal area and height for each individual tree is used to calculate Lorey’s height: 

        Lorey’s height = sum of (basal area * height) / sum of (basal area) 

    Returns a list of Lorey’s height for each pseudo-wave footprint 

 

    required input data: 

    DBH_list:    a list of the DBH for each individual tree grouped in the relative footprints 

    height_list: a list of the height for each individual tree grouped in the relative footprints 

    """ 

    # empty lists which will be used to store the basal area and Lorey’s height for each footprint 

    BA = [] 

    plot_lorey = [] 

    # loop through each footprint 

    for k in np.arange(0,len(DBH_list)): 

        # convert the list into an array for numerical operations 

        D_list = np.array(DBH_list[k]) 

        # diameter (in cm) is divided by 200 to calculate the radius (in m) 

        # the radius is then squared and multiplied by pi to determine the basal area 

        ba = math.pi*((D_list/200)**2) 

        # these values are then appended to the basal area storage list 

        BA.append(ba) 

    # loop through the basal area list for each footprint 

    for i in np.arange(0,len(BA)): 

        # extract the corresponding heights for each tree within the footprint 

        h_list = height_list[i] 

        # then calculate Lorey’s height 

        if BA[i].sum() > 0.0: 

            # multiply the basal area by the height and calculate the total for the footprint 

            # divide this by the total basal area within the footprint 

            LH = ((BA[i]*h_list).sum())/BA[i].sum() 

            plot_lorey.append(LH) 

        # if the basal area for a footprint is 0 

        # then Lorey’s height must also be 0 

        # however it is impossible to divide by 0 

        # hence a manual appending of 0 to the list of Lorey’s height 

        else: 

            lp_nan = 0.0 

            plot_lorey.append(lp_nan) 

    return plot_lorey 

 

def l_lorey(basal_params, file_list, x_range, y_range): 

    """ 

    Uses a simple linear model to estimate basal area from height 

    This is then used in combination with the height and height frequency to estimate Lorey’s height 

    which is calculated for each footprint 

 

    Required input data: 

        basal_params: set of parameters used in the linear model to estimate the basal area 

        file_list:    list of pseudo-wave files 

        x_range:      list of minimum x coordinates for each footprint within the scene 

        y_range:      list of minimum y coordinates for each footprint within the scene 

    """ 
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    # empty list which will be used to store the maximum frequency height from each pseudo-wave 

    h_sum = [] 

    basal_height = [] 

    lidar_lorey = [] 

    # loops through each footprint 

    # this ensures that the pseudo-waves are dealt with in the same order as the plot data 

    for xs in x_range: 

        for ys in y_range: 

            # temporary storage lists for Lorey’s height variables 

            b_h_list = [] 

            basal_list = [] 

            # loops through each psuedo-wave file 

            for l_file in file_list: 

                # determines the minimum x and y coordinates of the pseudo-wave 

                lx = int((l_file.split('.')[-1]).split('_')[0]) 

                ly = int((l_file.split('.')[-1]).split('_')[1]) 

                # identifies whether this file relates to this pseudo-wave or not 

                if lx == xs and ly == ys: 

                    # if it does then the follow steps are taken 

                    # if not, then that file is passed 

                    # load the file 

                    lidar_file = np.loadtxt(l_file) 

                    # determine the upper threshold of 99% the total frequency 

                    top = np.sum(lidar_file[:,0])*0.99 

                    # determine the lower threshold of 1% the total frequency 

                    bottom = np.sum(lidar_file[:,0])*0.01 

                    # this tally is used as a cumulative total of the frequency through each height 

                    tally = 0.0 

                    # this count relates to the position of the height starting at position 0 

                    top_count = 0 

                    # loops through each row/height in the pseudo-wave file 

                    for line in lidar_file: 

                        # adds the frequency for each height to the cumulative tally 

                        tally += line[0] 

                        # if the tally exceeds the upper threshold the loop breaks 

                        # top_count then relates to the location of the top of the pseudo-wave 

                        # based upon a 99% threshold 

                        if tally >= top: 

                            break 

                        # if the tally is below the upper threshold 1 is added to the top_count 

                        # and it the next row is considered 

                        else: 

                            top_count += 1 

                    # the same process as above is repeated to determine the bottom of the pseudo-wave 

                    # tally2 is a cumulative tally of the frequency increasing with each height/row 

                    tally2 = 0.0 

                    # this count relates to the position of the height starting at position 0 

                    bottom_count = 0 

                    # loops through each row/height in the pseudo-wave file 

                    for line2 in lidar_file: 

                        # adds the frequency for each height to the cumulative tally 

                        tally2 += line2[0] 

                        # if the tally exceeds the lower threshold the loop breaks 

                        # bottom_count then relates to the location of the bottom of the pseudo-wave 

                        # based upon a 1% threshold 

                        if tally2 >= bottom: 

                            break 

                        # if the tally is below the lower threshold 1 is added to the bottom_count 

                        # and it the next row is considered 

                        else: 

                            bottom_count += 1 
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                    # calculate the total number of returns from the frequency at each height 

                    rets = np.sum(lidar_file[bottom_count:top_count,0]) 

                    rets = len(lidar_file[bottom_count:top_count,0]) 

                    # set a count tally to determine the cumulative frequency 

                    count = 0 

                    # loop through each height bin within the pseudo-wave 

                    for bin in lidar_file[bottom_count:top_count]: 

                        # add the frequency to the cumulative frequency total 

                        count += bin[0] 

                        # if the cumulative frequency is greater than 50% of the total, 

                        # the 50% threshold is used to ensure only first returns are counted 

                        # and the frequency at that height is greater than 0 

                        # calculate the basal area, multiply this by the height and frequency 

                        # also multiply the basal area by the frequency 

                        # this gives the terms required by Lorey’s height formula 

                        if count >= rets*0.5 and bin[0] > 0: 

                            # determine the height and frequency for this bin 

                            hght = bin[1] 

                            freq = bin[0] 

                            # use a simple linear model to estimate basal area 

                            bas = basal_params[0]*hght+basal_params[1] 

                            # multiply basal area by height, and frequency 

                            # this term contributes to Lorey’s height dividend 

                            basal_height = bas*hght*freq 

                            # multiply basal area by frequency 

                            # this term contributes to Lorey’s height denominator 

                            basal_total = bas*freq 

                            # append these terms to temporary lists 

                            b_h_list.append(basal_height) 

                            basal_list.append(basal_total) 

                        else: 

                            pass 

                else: 

                    pass 

            # converts the temporary lists to arrays for numerical calculations 

            bah = np.array(b_h_list) 

            bat = np.array(basal_list) 

            # calculates Lorey’s height for this footprint 

            l_lorey = (bah.sum())/(bat.sum()) 

            # append the value to the list storing Lorey’s height for all footprints 

            lidar_lorey.append(l_lorey) 

    return lidar_lorey 

 

def l_rmse(basal_parameters, file_list, x_range, y_range, lorey_plot): 

    """ 

    determines the RMSE of the estimated Lorey’s height for each footprint 

    using the plot based calculation of Lorey’s height as the truth data 

    returns the overall RMSE over all footprints 

 

    required input data: 

        basal_parameters: list of parameters used within the model 

        file list:        list of pseudo-wave files 

        x_range:          list of minimum x coordinates for each footprint within the scene 

        y_range:          list of minimum y coordinates for each footprint within the scene 

        lorey_plot:       the plot based calculations of Lorey’s height 

    """ 

    lorey_plot = np.array(lorey_plot) 

    # determines the Lorey’s height estimate RMSE for each footprint 

    lor_rmse = ((((np.array(l_lorey(basal_parameters, file_list, x_range, y_range))-

lorey_plot)**2).sum()/len(lorey_plot))**0.5) 

    return lor_rmse 
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def agb_saatchi(saatchi_parameters, lidar_lorey): 

    """ 

    calculates the biomass for each pseudo-wave footprint 

    this biomass model has been published in Muss et al. 2012 

 

    returns a biomass value for each pseudo-wave in Mg ha^-1 

 

    requires: 

        saatchi_parameters: list of parameters used within the model 

        lidar_lorey:        list of Lorey’s height for each footprint 

    """ 

    # empty list which will be used to store the calculated biomass values 

    bmass = [] 

    # loops through each psuedo-wave footprint 

    for i in np.arange(0,len(lidar_lorey)): 

        # calculates the biomass and appends it to the list of the biomass 

        agb = saatchi_parameters[0]*(lidar_lorey[i]**saatchi_parameters[1]) 

        bmass.append(agb) 

    return bmass 

 

def rmse(saatchi_parameters, lidar_lorey, plot_agb): 

    """ 

    determines the RMSE of the modelled biomass 

    using the plot biomass as the truth data 

    returns the overall RMSE over all footprints 

 

    requires: 

    saatchi_parameters:      list of parameters used within the model 

    lidar_lorey:        list of Lorey’s height for each footprint 

    plot_agb:        biomass determined from the plot data 

    """ 

    # converts the list of plot based biomass into an array 

    plot_b = np.array(plot_agb) 

    # determines the RMSE and returns the value 

    rmse = ((((agb_saatchi(saatchi_parameters, lidar_lorey)-plot_b)**2).sum()/len(plot_b))**0.5) 

    return rmse 

 

# loads the plot data, and defines the required variables 

plot_data = np.loadtxt('plot_data.dat', skiprows = 0) 

plot_x = plot_data[:,0] 

plot_y = plot_data[:,1] 

DBH = plot_data[:,3] 

height = plot_data[:,4] 

plot_biomass = plot_data[:,6] 

maxi = 30 

# defines an initial set of parameters used within the biomass model 

saatchi_parameters = [5, 2] 

# defines an initial set of parameters used within the Lorey’s height model 

basal_params_old = [0.22,0.1] 

# determines the list of directories to loop through 

dir_list = np.array(sorted(glob.glob('./simulation_data/P*'))) 

# list to record the RMSE of the Lorey estimation 

RMSE_lorey = [] 

# loop through all directories 

for direc in dir_list: 

    # split the directory name to determine the data label 

    data_label = direc.split('/')[-1] 

    # split the data label to determine the height resolution 

    height_res = data_label.split('-')[-1] 

    # split the data label to determine the footprint size 
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    foot_res = data_label[3:].split('-')[0] 

    # split the data label to determine the point density 

    point_density = data_label[1] 

    # split the data label to determine the triggering technique 

    return_type = data_label[2] 

    # determines the resolution of the footprints 

    res = int(foot_res) 

    # determines lists of minimum x and y coordinates for each footprint within the scene 

    x_range = np.arange(1, maxi+1, res) 

    y_range = np.arange(1, maxi+1, res) 

    # determines a list of the files within the directory which will be used in the biomass estimates 

    file_list = np.array(glob.glob(direc + '/freq_pseudo_wave*')) 

    # determine a list of the important plot variables 

    plot_variables = p_agb(plot_x, plot_y, x_range, y_range, res, plot_biomass, height, DBH) 

    # plot biomass calculations 

    plot_agb = plot_variables[0] 

    # plot height measurements 

    height_list = plot_variables[1] 

    # plot DBH measurements 

    DBH_list = plot_variables[2] 

    # calculate Lorey’s height using the plot data 

    lorey_plot = p_lorey(DBH_list, height_list) 

    # make an estimation of Lorey’s height using the lidar data and the initial set of parameters 

    old_lidar_lorey = l_lorey(basal_params_old, file_list, x_range, y_range) 

    # calculate the RMSE for this initial estimation 

    lorey_rmse = l_rmse(basal_params_old, file_list, x_range, y_range, lorey_plot) 

    # optimise the parameters used to convert height to basal area as used within the lidar Lorey’s height estimate 

    basal_params_new = scipy.optimize.fmin_powell(l_rmse, basal_params_old, args = (file_list, x_range, y_range, 

lorey_plot), maxiter = 10000) 

    # make an improved estimate of Lorey’s height 

    lidar_lorey = l_lorey(basal_params_new, file_list, x_range, y_range) 

    # calculate the RMSE for this 

    new_rmse = l_rmse(basal_params_new, file_list, x_range, y_range, lorey_plot) 

    RMSE_lorey.append(new_rmse) 

    # calculate an initial lidar biomass estimate 

    lidar_agb = agb_saatchi(saatchi_parameters, lidar_lorey) 

    # optimise the parameters of the biomass model using the plot biomass data 

    opt_params = scipy.optimize.fmin_powell(rmse, saatchi_parameters, args = (lidar_lorey, plot_agb), maxiter = 10000) 

    # calculate the RMSE for the optimised model 

    opt_rmse = rmse(opt_params, lidar_lorey, plot_agb) 

    # calculate the total biomass within the scene from the optimised model 

    opt_agb_total = np.sum(agb_saatchi(opt_params, lidar_lorey)) 

    # define the mathematical description of the model 

    opt_model = "AGB=%s*Hlorey^%s" %(opt_params[0], opt_params[1]) 

    saatchi_biomass_results = open('./biomass/biomass_results.dat', 'a+b') 

    saatchi_biomass_results.write('%s ' %data_label) 

    saatchi_biomass_results.write('%s ' %height_res) 

    saatchi_biomass_results.write('%s ' %foot_res) 

    saatchi_biomass_results.write('%s ' %return_type) 

    saatchi_biomass_results.write('%s ' %point_density) 

    saatchi_biomass_results.write('SAATCHI ') 

    saatchi_biomass_results.write('%s ' %opt_model) 

    saatchi_biomass_results.write('%s ' %opt_agb_total) 

    saatchi_biomass_results.write('%s\n' %opt_rmse) 

    saatchi_biomass_results.close() 

print 'operation complete' 

 

 



81 

 

Appendix I: Drake Biomass Estimation 

import numpy as np 

import math 

import scipy 

import scipy.optimize 

import glob 

 

def p_agb(plot_x, plot_y, x_range, y_range, res, plot_biomass): 

    """ 

    assigns the biomass data for each individual tree 

    into the corresponding footprint for the pseudo-wave 

    returning a list of biomass values for each footprint 

    required input data: 

        plot_x:       list of x coordinates for each individual tree 

        plot_y:       list of y coordinates for each individual tree 

        x_range:      list of minimum x coordinates for each footprint within the scene 

        y_range:      list of minimum y coordinates for each footprint within the scene 

        res:          size of square footprints (in pixels) 

        plot_biomass: list of biomass calculations for each individual tree 

                      calculated using the Chave et al. 2005 wet biomass estimation model 

    """ 

    # empty list which will be used to store the total biomass for each footprint 

    p_agb = [] 

    # default figure of 0.0 to append where there are no individual trees within a specific footprint 

    nan = 0.0 

    # loop through each footprint 

    for xs in x_range: 

        for ys in y_range: 

            # sets the minimum x and y coordinates within the footprint 

            x_low = xs 

            y_low = ys 

            # sets the maximum x and y coordinates within the footprint 

            x_high = xs+res 

            y_high = ys+res 

            # idenfies which trees fall within the footprint: 

            # greater than or equal to the minimum x coordinate 

            x_chck1 = np.where(plot_x >= x_low)[0] 

            # less than the maximum x coordinate 

            x_chck2 = np.where(plot_x < x_high)[0] 

            # greater than or equal to the minimum y coordinate 

            y_chck1 = np.where(plot_y >= y_low)[0] 

            # less than the maximum y coordinate 

            y_chck2 = np.where(plot_y < y_high)[0] 

            # compiles the common matches between the above four lists 

            matches = list(set(x_chck2) & set(x_chck1) & set(y_chck2) & set(y_chck1)) 

            # calculate the total biomass from each individual tree within the footprint 

            # then append this value to the empty list of footprint biomass values 

            if len(matches) > 0: 

                p_agb.append(np.sum(plot_biomass[matches])) 

            # if there are no trees within the footprint, append the default value of 0.0 

            else: 

                p_agb.append(nan) 

    return p_agb 

 

def l_variables(file_list, x_range, y_range, res): 

    """ 

    identifies the pseudo-waves relating to each footprint 

    Returns the maximum height of the psesudo-wave 

    and the height at which the maximum return of the pseudo-wave 
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    requires: 

        file_list: a list of pseudo-wave files 

        x_range:   list of minimum x coordinates for each footprint within the scene 

        y_range:   list of minimum y coordinates for each footprint within the scene 

        res:       size of square footprints (in pixels) 

    """ 

    # empty list which will be used to store the maximum frequency height from each pseudo-wave 

    HOME = [] 

    # loops through each footprint 

    # this ensures that the pseudo-waves are dealt with in the same order as the plot data 

    for xs in x_range: 

        for ys in y_range: 

            # loops through each psuedo-wave file 

            for l_file in file_list: 

                # determines the minimum x and y coordinates of the pseudo-wave 

                lx = float((l_file.split('-')[-1]).split('_')[0]) 

                ly = float((l_file.split('-')[-1]).split('_')[1]) 

                # identifies whether this file relates to this pseudo-wave or not 

                if lx == xs and ly == ys: 

                    # if it does then the follow steps are taken 

                    # if not, then that file is passed 

                    # load the file 

                    lidar_file = np.loadtxt(l_file) 

                    # determine the upper threshold of 99% the total frequency 

                    top = np.sum(lidar_file[:,0])*0.99 

                    bottom = np.sum(lidar_file[:,0])*0.01 

                    # this tally is used as a cumulative total of the frequency through each height 

                    tally = 0.0 

                    # this count relates to the position of the height starting at position 0 

                    top_count = 0 

                    # loops through each row/height in the pseudo-wave file 

                    for l_line in lidar_file: 

                        # adds the frequency for each height to the cumulative tally 

                        tally += l_line[0] 

                        # if the tally exceeds the upper threshold the loop breaks 

                        # top_count then relates to the location of the top of the pseudo-wave 

                        # based upon a 99% threshold 

                        if tally >= top: 

                            break 

                        # if the tally is below the upper threshold 1 is added to the top_count 

                        # and it the next row is considered 

                        else: 

                            top_count += 1 

                    # the same process as above is repeated to determine the bottom of the pseudo-wave 

                    # tally2 is a cumulative tally of the frequency increasing with each height/row 

                    tally2 = 0.0 

                    # this count relates to the position of the height starting at position 0 

                    bottom_count = 0 

                    # loops through each row/height in the pseudo-wave file 

                    for lline in lidar_file: 

                        # adds the frequency for each height to the cumulative tally 

                        tally2 += lline[0] 

                        # if the tally exceeds the lower threshold the loop breaks 

                        # bottom_count then relates to the location of the bottom of the pseudo-wave 

                        # based upon a 1% threshold 

                        if tally2 >= bottom: 

                            break 

                        # if the tally is below the lower threshold 1 is added to the bottom_count 

                        # and it the next row is considered 

                        else: 

                            bottom_count += 1 
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                    # defines an array with each bin identified as lying within the tree 

                    tree = lidar_file[bottom_count:top_count] 

                    # calculates the height of median energy (HOME) 

                    home = tree[len(tree)*0.5][-1] 

                    # appends the HOME variable 

                    HOME.append(home) 

                # if the file does not relate to the footprint, it is passed 

                else: 

                    pass 

    return HOME 

 

def agb_drake(drake_parameters, lidar_variables): 

    """ 

    calculates the biomass for each pseudo-wave footprint 

    this biomass model has been published in drake et al. 2002 

    returns a biomass value for each pseudo-wave in Mg ha^-1 

 

    requires: 

    drake_parameters: list of parameters used within the model 

    lidar_variables: list of Height of Median Energy 

    """ 

    # empty list which will be used to store the calculated biomass values 

    bmass = [] 

    # defines the parameters 

    A1 = drake_parameters[0] 

    B1 = drake_parameters[1] 

    # loops through each psuedo-wave footprint 

    for i in np.arange(0,len(lidar_variables)): 

        # defines the value of the lidar variables used in the model 

        home = lidar_variables[i] 

        # calculates the biomass and appends it to the list of the biomass 

        bmass.append(math.exp(A1+(B1*home))) 

    return bmass 

 

 

def rmse(parameters, lidar_variables, plot_agb): 

    """ 

    determines the RMSE of the modelled biomass 

    using the plot biomass as the truth data 

    returns the overall RMSE over all footprints 

 

    requires: 

    parameters:      list of parameters used within the model 

    lidar_variables: list of heights relating to the 50th height percentile 

    plot_agb:        biomass determined from the plot data 

    """ 

    # converts the list of plot based biomass into an array 

    plot_agb2 = np.array(plot_agb) 

    # determines the RMSE and returns the value 

    rmse = ((((agb_drake(parameters, lidar_variables)-plot_agb2)**2).sum()/len(plot_agb2))**0.5) 

    return rmse 

 

 

# loads the plot data, and defines the required variables 

plot_data = np.loadtxt('plot_data.dat', skiprows = 0) 

plot_x = plot_data[:,0] 

plot_y = plot_data[:,1] 

plot_biomass = plot_data[:,6] 

# defines the maximum resolution of the scene 

maxi = 30 
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# defines an initial set of parameters used within the biomass model 

drake_parameters = [3.58, 0.07] 

# determines the list of directories to loop through 

dir_list = np.array(sorted(glob.glob('./simulation_data/P*'))) 

# loop through all directories 

for direc in dir_list: 

    # split the directory name to determine the data label 

    data_label = direc.split('/')[-1] 

    # split the data label to determine the height resolution 

    height_res = data_label.split('-')[-1] 

    # split the data label to determine the footprint size 

    foot_res = data_label[3:].split('-')[0] 

    if foot_res == "2": 

        foot_size = 5 

    else: 

        foot_size = 0.5 

    # split the data label to determine the point density 

    point_density = data_label[1] 

    # split the data label to determine the triggering technique 

    return_type = data_label[2] 

    # determines the resolution of the footprints 

    res = int(foot_res) 

    # determines lists of minimum x and y coordinates for each footprint within the scene 

    x_range = np.arange(1, maxi+1, res) 

    y_range = np.arange(1, maxi+1, res) 

    # determines a list of the files within the directory which will be used in the biomass estimates 

    file_list = np.array(glob.glob(direc + '/int_pseudo_wave*')) 

    # calculate the total biomass for each footprint using the plot data 

    plot_agb = p_agb(plot_x, plot_y, x_range, y_range, res, plot_biomass) 

    # calculate the variables needed for use within the biomass model 

    lidar_variables = l_variables(file_list, x_range, y_range, res) 

    # calculate an initial lidar biomass estimate 

    lidar_agb = agb_drake(drake_parameters, lidar_variables) 

    # optimise the parameters of the biomass model using the plot biomass data 

    opt_params = scipy.optimize.fmin(rmse, drake_parameters, args = (lidar_variables, plot_agb)) 

    # calculate the RMSE for the optimised model 

    opt_rmse = rmse(opt_params, lidar_variables, plot_agb) 

    # calculate the total biomass within the scene from the optimised model 

    opt_agb_total = np.sum(agb_drake(opt_params, lidar_variables)) 

    # define the mathematical description of the model 

    opt_model = "AGB=exp(%s+(%s*HOME))" %(opt_params[0], opt_params[1]) 

 

    # open the biomass results file 

    drake_biomass_results = open('./biomass/biomass_results.dat', 'a+b') 

    # write the results to this file along with the metadata 

    drake_biomass_results.writelines('%s ' %data_label) 

    drake_biomass_results.write('PSEUDO ') 

    drake_biomass_results.write('%s ' %height_res) 

    drake_biomass_results.write('%s ' %foot_res) 

    drake_biomass_results.write('%s ' %return_type) 

    drake_biomass_results.write('%s ' %point_density) 

    drake_biomass_results.write('%s ' %foot_size) 

    drake_biomass_results.write('DRAKE-int ') 

    #drake_biomass_results.write('DRAKE-freq ') 

    drake_biomass_results.write('%s ' %opt_model) 

    drake_biomass_results.write('%s ' %opt_agb_total) 

    drake_biomass_results.write('%s\n' %opt_rmse) 

    drake_biomass_results.close() 

print 'operation complete'
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Appendix J: Selection of Pseudo-Wave and Bin-Method Biomass Estimates 

label data_type height_res foot_res return_type point_density model opt_model 
opt_agb_tota
l opt_rmse true_RMSE bias 

P5T15-
5 pseudo-wave 5 15 T 25 

MUSS-
freq 

AGB=exp((0.00878649626682*max)+(15.527830332*(mid/max))-
4.21709753175) 122753.2155 195.3469326 

13.0231288
4 -18.469731 

P1A10
-01 pseudo-wave 0.1 10 A 1 

DRAKE-
int AGB=exp(6.89370379573+(0.0862068357038*HOME)) 122771.6851 10045.67912 

1004.56791
2 -5.2E-05 

P5A10
-01 pseudo-wave 0.1 10 A 25 

DRAKE-
int AGB=exp(6.89370379573+(0.0862068357038*HOME)) 122771.6851 10045.67912 

1004.56791
2 -5.2E-05 

P1T10-
01 pseudo-wave 0.1 10 T 1 

DRAKE-
int AGB=exp(6.89370379573+(0.0862068357038*HOME)) 122771.6851 10045.67912 

1004.56791
2 -5.2E-05 

P5T10-
01 pseudo-wave 0.1 10 T 25 

DRAKE-
int AGB=exp(6.89370379573+(0.0862068357038*HOME)) 122771.6851 10045.67912 

1004.56791
2 -5.2E-05 

P1T15-
4 bin-method 4 15 T 1 

MUSS-
freq 

AGB=exp((0.0623143066175*max)+(13.8650474273*(mid/max))-
5.42647338406) 122771.6316 738.0739208 

49.2049280
5 -0.053576 

P1A15
-5 bin-method 5 15 A 1 

DRAKE-
freq AGB=exp(7.91792635803+(0.0877767626332*HOME)) 122771.6852 15228.83122 

1015.25541
4 0 

P5A15
-5 bin-method 5 15 A 25 

DRAKE-
freq AGB=exp(7.91792635803+(0.0877767626332*HOME)) 122771.6852 15228.83122 

1015.25541
4 0 

P1T15-
5 bin-method 5 15 T 1 

DRAKE-
freq AGB=exp(7.91792635803+(0.0877767626332*HOME)) 122771.6852 15228.83122 

1015.25541
4 0 

P1T15-
5 bin-method 5 15 T 1 

DRAKE-
int AGB=exp(7.91792635803+(0.0877767626332*HOME)) 122771.6852 15228.83122 

1015.25541
4 0 

P5A5-
01 pseudo-wave 0.1 5 A 25 SAATCHI AGB=5.0*Hlorey^2.0 350759.2555 9067.040868 

1813.40817
4 

227987.570
3 

P5A5-
1 pseudo-wave 1 5 A 25 SAATCHI AGB=5.0*Hlorey^2.0 347415.7175 9113.505774 

1822.70115
5 

224644.032
3 

 

Appendix K: Full-Waveform Data 

label foot_res point_density model opt_model opt_agb_total opt_rmse true_RMSE bias 

W-15m-
footprint 15 0.067 DRAKE AGB=exp(9.47982273771+(0.0303393361214*HOME)) 117558.7327 13264.13292 884.2755278 -5212.952547 

W-10m-
footprint 10 0.1 DRAKE AGB=exp(7.07752948309+(0.0869025362701*HOME)) 119038.8969 14762.21777 1476.221777 -3732.788289 

W-5m-
footprint 5 0.2 DRAKE AGB=exp(7.32099715702+(0.0274909264893*HOME)) 117725.4426 6278.675402 1255.73508 -5046.242634 

W-15m-
footprint 15 0.067 GARCIA AGB=exp(-6.87346304365+-211.913667213(1/H50)+60864.2716284(P25_int))) 29803.81192 2347.390719 156.4927146 -92967.87328 

W-10m-
footprint 10 0.1 GARCIA AGB=exp(108.042341225+-3941.63465117(1/H50)+178896.61835(P25_int))) 50952.35398 4611.856413 461.1856413 -71819.33122 

W-5m-
footprint 5 0.2 GARCIA AGB=exp(48.2889049041+-1253.18713262(1/H50)+-9620.28527558(P25_int))) 60144.12808 2822.771098 564.5542195 -62627.55712 

W-15m-
footprint 15 0.067 MUSS AGB=exp((-0.0746053140653*max)+(2.52189754867*(mid/max))--12.3300443482) 118646.7202 11067.72424 737.8482828 -4124.964971 

W-10m-
footprint 10 0.1 MUSS AGB=exp((0.864582723748*max)+(-5.86086455834*(mid/max))-31.6720527489) 87787.55832 9837.832578 983.7832578 -34984.12688 

W-5m-
footprint 5 0.2 MUSS AGB=exp((0.112421593705*max)+(-0.533571641033*(mid/max))--2.90533345836) 117008.521 6164.880269 1232.976054 -5763.164193 

W-15m-
footprint 15 0.067 SAATCHI AGB=17.2131338633*Hlorey^1.99784388877 113589.6824 14932.06412 995.4709414 -9182.00281 

W-10m-
footprint 10 0.1 SAATCHI AGB=7.71064771521*Hlorey^2.0000569911 117221.4032 15229.31057 1522.931057 -5550.282017 

W-5m-
footprint 5 0.2 SAATCHI AGB=2.44452154255*Hlorey^1.99983030458 115564.5467 6253.907793 1250.781559 -7207.138485 
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Appendix L: Biomass Model RMSE Graphs 
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Appendix M: Biomass Model Bias Graphs 
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