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RESUMO 

 

O uso de tecnologia LiDAR para quantificação e qualificação da vegetação 

 

A metodologia para quantificar vegetação a partir de dados LiDAR (Light 
Detection And Ranging) está de certa forma consolidada, porém ainda existem pontos 
a serem esclarecidos que permanecem na lista da comunidade científica. Quatro 
aspectos foram estudos nesta tese. No primeiro estudo, foi investigado a influência 
das alturas de referência (altura mínima e altura de quebra) na qualidade do conjunto 
de métricas extraído visando estimação do volume de um plantio de eucalipto. Os 
resultados indicaram que valor mais altos de alturas de referência retornaram um 
conjunto de métricas melhor. O efeito das alturas de referência foi mais evidente em 
povoamentos jovens e para as métricas de densidade. No segundo estudo, avaliou-
se a estabilidade de métricas LiDAR derivadas para uma mesma área sobrevoada 
com diferentes configurações de equipamentos e voo. Este estudo apresentou como 
a seleção de métricas estáveis pode contribuir para a geração de modelos compatíveis 
com diferentes bases de dados LiDAR. De acordo com os resultados, as métricas de 
altura foram mais estáveis que as métricas de densidade, com destaque para os 
percentis acima de 50% e a moda. O terceiro estudo avaliou o uso de máquinas de 
aprendizado para a estimação do volume em nível de povoamento de plantios de 
eucalipto a partir de métricas LiDAR. Ao invés de estarem limitados a um pequeno 
subconjunto de métricas na tentativa de explicar a maior parte possível da 
variabilidade total dos dados, as técnicas de inteligência artificial permitiram explorar 
todo o conjunto de dados e detectar padrões que estimaram o volume em nível de 
povoamento a partir do conjunto de métricas. O quarto e último estudo focou em sete 
áreas de diferentes tipologias florestais brasileiras, estudando os seus perfis verticais 
de dossel. O estudo mostrou que é possível diferenciar estas tipologias com base no 
perfil vertical derivado de levantamentos LiDAR. Foi observado também que o 
tamanho das parcelas possui diferentes níveis de dependência espacial. Cada 
tipologia possui características específicas que precisam ser levadas em 
considerações em projetos de monitoramento, inventário e mapeamento baseado em 
levantamentos LiDAR. O estudo mostrou que é possível determinar o perfil vertical de 
dossel a partir da cobertura de 10% da área, chegando a algumas tipologias em 
apenas 2% da área. 

 

Palavras-chave: ALS; Laser; Perfil vertical; Métricas LiDAR; Estimação de volume 
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ABSTRACT 

 

LiDAR technology applied to vegetation quantification and qualification 

 

The methodology to quantify vegetation from airborne laser scanning (or LiDAR 
- Light Detection And Ranging) is somehow consolidated, but some concerns are still 
in the checklist of the scientific community. This thesis aims to bring some of those 
concerns and try to contribute with some results and insights. Four aspects were 
studied along this thesis. In the first study, the effect of threshold heights (minimum 
height and height break) in the quality of the set of metrics was investigated aiming the 
volume estimation of a eucalyptus plantation. The results indicate that higher threshold 
height may return a better set of metrics. The impact of threshold height was more 
evident in young stands and for canopy density metrics. In the second study, the 
stability of the LiDAR metrics between different LiDAR surveys over the same area 
was analyzed. This study demonstrated how the selection of stable metrics contributed 
to generate reliable models between different data sets. According to our results, the 
height metrics provided the greatest stability when used in the models, specifically the 
higher percentiles (>50%) and the mode. The third study was designed to evaluate the 
use of machine learning tools to estimate wood volume of eucalyptus plantations from 
LiDAR metrics. Rather than being limited to a subset of LiDAR metrics in attempting 
explain as much variability in a dependent variable as possible, artificial intelligence 
tools explored the complete metrics set when looking for patterns between LiDAR 
metrics and stand volume. The fourth and last study has focused upon several highly 
important forest typologies, and shown that it is possible to differentiate the typologies 
through their vertical profiles as derived from airborne laser surveys. The size of the 
sampling cell does have an influence on the behavior observed in analyses of spatial 
dependence. Each typology has its own specific characteristics, which will need to be 
taken into consideration in projects targeting monitoring, inventory construction, and 
mapping based upon airborne laser surveys. The determination of a converged vertical 
profile could be achieved with data representing 10 % of the area for all typologies, 
while for some typologies 2 % coverage was sufficient. 
 
Keywords: ALS; Laser; Vertical profile; LiDAR metrics; Volume estimation
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1 INTRODUCTION 

 

"Try again, fail again. 

Fail better." 

Samuel Beckett 

 

Soviet researchers were the first to study the use of laser range finders for 

measuring trees. In 1976, Soldukhin and his team performed the first laser profiling 

exercises designed to obtain tree attributes. Good results obtained from ground tests 

led in 1977 to the installation of laser equipment in a plane which took an initial survey 

whilst flying at 160 km h-1 at an altitude of 40 meters. As a result of this effort, the Soviet 

researchers reported that the profiles obtained could be employed towards 

establishing computerized or automated information of use for determining forest 

management (NELSON, 2013). 

Over the years, several technical challenges were subsequently overcome such 

as increasing the energy laser pulse to allow higher flight, greater precision in the 

positioning of aerial shots, and improved alignment of the flight tracks. In 1980, Krabill 

and McDonough had already conducted studies whilst flying at heights of 300 and 900 

meters respectively (NELSON, 2013). 

In the 1980s, the researchers Aldred and Bonner (1985) published the first 

airborne laser sensor application with the ability to acquire forest information. Once 

confirmed that it was possible to obtain good estimates of stand height and density, 

the next step would naturally be to quantify the vegetation (principally biomass and 

volume). As demonstrated by Maclean and Krabill (1986), the profile generated by 

airborne laser scanning was directly and linearly related to volume (R² = 0.76). 

The technology involved in laser surveys (also known as LiDAR; ‘Light Detection 

And Ranging’) continued to develop over the years, from airborne equipment through 

to the hardware and software necessary for storage and data processing. An airborne 

laser survey involves a set of tools, consisting of both for transmitting and receiving 

laser units, a global positioning unit (GPS), inertial measurement unity (IMU) and a 

central computer that controls the system and stores the data (BALTSAVIAS, 1999). 

The laser used with land and vegetation surveys usually operates at a near-infrared 

wavelength (~ 1064 nm), with low divergence (<0:20 mrad) and a high repetition rate 

(~ 300 kHz) (BALTSAVIAS, 1999; VASTARANTA, 2012). 
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Errors of up to 3 meters can occur in studies related to airborne laser scanning 

(ALS). These errors are consistent with the errors occurring in field surveys (COOPS 

et al., 2004). LiDAR errors typically underestimate the real height of trees, since the 

probability of the laser pulse measuring the exact apex of the treetop is very low (ST-

ONGE et al., 2003). This underestimation can be reduced by increasing the pulse 

density per unit area via the reduction of flight altitude, via the reduction of aircraft 

speed, or via repeated overflights (COOPS et al., 2007). 

Quantitative forest data from LiDAR is based on the high correlation between 

forest attributes and the statistics extracted from the point cloud formed by the laser 

returns (GOODWIN et al., 2006). Thus, for a project to accurately quantify vegetation 

parameters two elements are required: LiDAR data for the area to be quantified and a 

pre-calibrated model relating forest attributes to the LiDAR metrics. 

The main product of a LiDAR flight is the point cloud, which is usually delivered 

in las format (maintained by the American Society for Photogrammetry and Remote 

Sensing - ASPRS). This provides a binary file format for storing ALS data. This format, 

which now exists in its version 1.4, has had to evolve to keep pace with technological 

developments in airborne laser sensors. To work successfully with vegetation, it is 

necessary to have a classified point cloud, albeit not filtered. Unlike digital terrain 

models (which can be derived from the last returns) or digital surface models (which 

may be derived from the first returns), all returns are utilized when processing LiDAR 

data to quantify vegetation characteristics. 

The LiDAR file retains information related to flight equipment configuration, plus 

the recorded variables and each recorded return. The most basic information 

associated with each return consists of: XYZ position in space, return intensity, return 

number, number of returns generated by the pulse, emission angle and classification 

(ASPRS, 2009). 

The return XY position is usually the UTM coordinate, and Z is the return elevation 

relative to the reference datum established for the survey. Return intensity is the 

proportion of original energy emitted that returned and was picked up by the sensor. 

Although theoretically interesting, this intensity information is not widely used to 

quantify and qualify biomass. The main reason for this being that intensity is not 

calibrated during the survey and can be influenced by several factors, even varying at 

times within a single flight line. 
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Point density is a property of cloud LiDAR returns that can be a limiting factor in 

its use (VAUHKONEN et al., 2008). The number of points per square meter determines 

the degree of detail with which objects may be imaged. Applications requiring higher 

detail, will thus require higher densities. Vauhkonen et al. (2008) proposed reference 

densities for some applications: 

 0.5 to 1 returns per m2 = terrain modeling 

 5 to 6 returns per m2 = forestry applications 

 11 to 12 returns per m2 = individual tree applications 

 Over 20 returns per m2 = archaeological applications. 

Cloud returns originally save elevation information. Most vegetation monitoring 

however uses height above ground level. In this regard, the first step after obtaining a 

LiDAR cloud is to generate a digital terrain model (DTM). This DTM is a raster file 

derived from filtered and classified returns as terrain. Different filters can be used, from 

simple filters based on the type of return (e.g. past returns) to filters designed based 

on the curvature of neighboring returns (e.g. multiscale curvature method). All of these 

methods aim to separate from the LiDAR cloud those returns most likely to have been 

backscattered by the terrain and to use them as a reference for generating the DTM. 

Having filtered these returns with the highest probability of belonging to the 

terrain, the value of each raster cell (pixel) is then calculated by the average of the 

returns within the cell area (MENG; CURRIT; ZHAO, 2010). The raster produced 

contains the same XY dimensions as the particular cloud from which it derives, making 

it possible to discount from each return the value representing the ground. This process 

is known as the normalization of LiDAR data, the processed cloud representing the 

variable Z as vegetation height relative to the reference DTM. 

Two methodological approaches were developed over the time for the processing 

of LiDAR data in order to quantify vegetation characteristics: Area Based Approach 

(ABA) and Individual Tree Detection (ITD). Both make correlations between data 

obtained from field measurements and information derived from the LiDAR cloud, 

albeit at different scales (VASTARANTA, 2012). Whilst ABA uses an area as the 

reference, ITD uses an individual tree. 

The ITD approach is guided by the extraction of individual metrics such as crown 

diameter, tree height and canopy depth for each identified and isolated trees. These 



 16 

individual tree metrics are then also linked to individual tree attributes (e.g. volume) 

measured in the field (HYYPPÄ; INKINEN, 1999). Through one variation known as the 

Tree Cluster Approach (TCA), the metrics extracted from individual trees are 

consolidated into an area (e.g. plot) before being linked to attributes measured in the 

field, (POPESCU; WYNNE; NELSON, 2002). Thus, LiDAR processing occurs at tree 

level (ITD) but the linkage between metrics and attributes occurs at the area level 

(ABA). Both approaches will result in models that can be used to estimate the attributes 

for areas with LiDAR data, and thus without the need for field measurements.. 

Detection algorithms and the intensity of clustering trees are among the most 

relevant factors for the success of ITD (KAARRINEN et al., 2012; VAUHKONEN et al., 

2012). Applications of ITD have been successful in isolating around 70% of the trees 

in temperate coniferous forests, which in turn represent approximately 91% of the total 

volume (PERSSON; SODERMAN; HOLMGREN, 2002). In mixed temperate forests 

the detection success rate came close to 40% of the trees (PITKANEN et al., 2004). 

In practice however, ITD is not yet widely used due to the low availability of field 

data at an individual level, and also to the high accuracy required by individual geo-

referencing. ABA is thus the most frequently used technique for vegetation 

quantification, since it takes much of the effort out of traditional forest inventory. Just 

as with ITD, field data give context to the statistics derived from LiDAR data, although 

these linkages are made at the plot level. 

After clipping of the normalized LiDAR cloud, which is based on georeference 

and field plots size, the statistics are then extracted from this cloud and linked to the 

forest attributes measured in field plots. The models obtained are then used to estimate 

the vegetation stock from any other areas sensed via laser scanning (WHITE et al., 

2013). 

These extracted statistics are referred to as metrics; grouped in terms of height 

and density. The height metrics consist primarily of measures of location (e.g. mean, 

median, percentiles) and measures of dispersion (e.g. standard deviation, interquartile 

range, variance). The density metrics compute ratios of returns above a height break. 

A common (though not constant) practice is to remove returns below a minimum 

height whilst computing height metrics. Elimination of these returns is defended by the 

argument that this action eliminates any returns that have not been backscattered by 

vegetation, but by the ground, rocks or understory. Different minimum height settings 

can be applied depending on the approach of the analyst (NILSSON, 1996; NÆSSET; 
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BJERKNES, 2001; ZIMBLE et al., 2003; HUDAK et al., 2006; JENSEN et al., 2006). In 

case of density metrics, height break can be fixed when determined by the analyst, or 

dynamic when determined based on other metrics from the cloud (e.g. mean, median, 

mode) (NÆSSET, 2002; ANDERSEN; MCGAUGHEY; REUTEBUCH, 2005; 

SULLIVAN, 2008). In Chapter 2 we investigate the effect of these threshold heights 

(minimum height and height break) on the quality of a set of metrics generated to 

estimate the volume of a eucalyptus plantation. 

Filters can even be defined for the type of returns to be used during metrics 

calculation. Besides performing a calculation that considers all returns, it is common in 

vegetation studies to discard the first returns, since they are usually backscattered due 

to interactions between the laser pulses and the vegetation (NÆSSET, 2002). 

If combining all of the available options that concern threshold heights and filters, 

multiple metrics can be generated from a LIDAR cloud. As a result, most of these 

metrics are collinear. The question that persists is then which metrics should be 

selected?  

Different methods can be employed to select or discard metrics when composing 

a final estimation model. Amongst parametric methods employed for model-building 

are the stepwise method (NÆSSET, 2002), the inter-correlation and correlation 

method (STEPHENS et al., 2012.) and metric selection via multivariate analysis (LI; 

ANDERSEN; MCGAUGHEY, 2008). Amongst non-parametric methods are Nearest 

Neighbors (NN), Neural Network (ANN) and Random Forest® (RF). Some 

nonparametric methods allow the researcher to work with any set of metric size without 

the need to either select or discard variables. Another approach is to follow pre-

established principles in the literature; for instance Lefsky et al. (2005) recommended 

that volume estimation models should contain metrics related to height variability (site 

index) and the amount of vegetation present (stand density). 

The choice of metrics has varied widely within the published literature. For 

example Næsset (2002) established three different models for volume estimation of 

differently-aged stands of a forest composed predominantly of Scots Pine (Pinus 

sylvestris L.) and Norway Spruce (Picea abies (L.) Karst.). Volume of a younger stand 

was best modeled by the metrics: average height of last returns and proportion of the 

first returns above the 50th percentile. Volume of a mature stand growing a lower 

quality site was best modeled via the metrics: 30th percentile, 50th percentile and 60th 

percentile and proportion of returns above the 90th percentile, all derived from first 
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returns. Volume of a mature stand in a good quality site was best modeled via metrics: 

80th percentile of last returns, maximum height of first returns and proportion of the 

first returns above the 50th percentile. Volume of a eucalyptus forest plantation in Brazil 

was best modeled via the 10th percentile for the first returns (ZONETE, 2009). A study 

by Stephens et al. (2012) to establish national model to estimate carbon in New 

Zealand, revealed the 30th percentile and the canopy cover metric to be the most 

accurate predictors. 

Numerous studies have been conducted to determine how the properties of 

LiDAR equipment and the aircraft can influence the accuracy of metrics, and to study 

the effects on vegetation quantification efforts. Goodwin et al. (2006) established that 

the altitude, the scanning angle and the footprint size do not influence the vertical 

distribution of LiDAR returns at stand level. However, Næsset (2002) found that the 

use of different sensors, the pulse emission frequency and flight altitude influenced 

estimation of vertical height profile and also effected the penetration level of the pulse. 

He emphasized that last returns are more sensitive to these flight parameters than first 

returns. Crash et al. (2011) found that data acquired with constant flight parameters 

and laser equipment settings remains practically unchanged over time. Complexity 

increased when different flight parameters, or different sensor configurations were 

taken into account. For large-scale monitoring efforts (i.e. national level) equipment 

settings are almost impossible to keep constant, and flight parameters are even further 

less likely to be consistent. In Chapter 3, we discuss the resilience of metrics derived 

from flights made with different equipment configurations and flight parameters. 

Usually, field information used to adjust the models arises from traditional forest 

inventories. Tree diameter and height is measured and consolidated into a plot level 

attribute (e.g. volume, biomass and others). It is essential that all field plots to be 

precisely georeferenced in order to allow correct geolocation into the LiDAR cloud. It 

is also important to collect the field measurements at a similar time to LiDAR survey. 

In the case of physiological seasonality, this feature should be considered when 

planning both the field work and the LiDAR survey. 

 The main method used when modeling the relationship between LiDAR and field 

data is parametric regression. However, recent studies have shown that non-

parametric techniques such as Random Forest® and nearest neighbor can be 

successfully used for the estimation of forest attributes (HUDAK et al., 2008; LATIFI; 

NOTHDURFT;;; KOCH, 2010; SIMARD et al., 2011). Amongst the mathematical 
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criteria used for model comparison are the root mean square error (RMSE), coefficient 

of determination (R²) and the bias. Model choice should not rely solely on mathematical 

criteria, but should also take into account the context within which the model will be 

applied; for instance the hardware, software and the amount of data available. 

In Chapter 4, a model developed through selecting metrics based on inter-

correlation and correlation is compared with two models that do not require any 

reduction in the number of variables (neural networks and Random Forest®). The aim 

was to model wood volume in eucalyptus plantations based on LiDAR metrics. 

Once adjusted and validated, the model estimates forest attributes for the entire 

area, allowing the production of prediction maps (GREGOIRE et al., 2011). In some 

cases, is possible to use LiDAR metrics in the first phase of a double sampling 

procedure (two-phase), especially if highly correlated to the attribute of interest (e.g. 

volume). This results in a higher sampling intensity (STEPHENS et al., 2012). This 

double sampling allows for estimation of a forest attribute through relating its value to 

the sampling error. 

The quantification of vegetation characteristics is undoubtedly of major interest 

for forest managers. In addition to establishing the availability of wood supply, 

accumulation of this information over time allows for calculations of growth, 

replacement rate and mortality rate. Quantification and qualification of forest vertical 

structure are also essential for providing an understanding of the functioning of forest 

ecosystems. Information on the forest vertical structure is difficult to quantify through 

direct field sampling however, since it can be highly labor intensive (COOPS et al., 

2007). 

Modeling the vertical structure of the forest can add an important element to the 

understanding of functional behavior and the growth of the trees. It can also provide 

important information regarding assessment of the nature of forest response to 

different levels of disturbance (tree population, community and ecosystem), whether 

natural or anthropogenic (PARKER et al., 2004). 

Passive remote sensing techniques have limited ability to assess structural 

changes since they cannot penetrate the vegetation canopy (COOPS et al., 2007). 

That said, Coops et al. (2007) and Drake et al. (2002) demonstrated that LIDAR 

sensors could be successfully used to estimate important parameters of different 

structural attributes, which in turn could be presented as effective predictors for forest 

attributes. 



 20 

Each vegetation type typically has a particular vertical structure that influences 

the distribution of laser returns. Thus, through fitting a theoretical distribution to the 

vertical profile of the laser returns, the parameters obtained can reflect in some way 

the vertical structure of forest surveyed. These parameters can be used directly within 

models that estimate forest attributes or to classify vertical forest structures (LOVELL 

et al., 2003; COOPS et al., 2007; SILVA, 2014). Chapter 5 presents a study on the 

usage of vertical profiles for classification and differentiation of Brazilian forest types, 

including a discussion about the sample design required for vertical profile estimation 

and about its geospatial dependence. 

This thesis focus on four specific topics regarded to vegetation quantification and 

qualification through airborne laser surveys: 

 Investigate the effect of threshold heights (minimum height and height 

break) on the explanation capacity of a set of metrics aimed at estimating 

the volume of a eucalyptus plantation.  

 Investigate the stability of LiDAR metrics through comparison of  different 

LiDAR surveys over the same area.  

 Evaluate the application of machine learning tools in estimating the wood 

volume of eucalyptus plantations.  

 Differentiate Brazilian forest types based on vertical profiles derived from 

airborne laser surveys and determine a related sampling design and 

spatial dependence. 
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2 ACQUIRING MORE INFORMATIVE METRICS THROUGH THE OPTIMIZATION 

OF THRESHOLD HEIGHTS WHEN USING AIRBORNE LASER SCANNING TO 

ESTIMATE THE STAND VOLUME OF A EUCALYPTUS PLANTATION. 

 

“We can easily forgive a child who is afraid of the dark. 

The real tragedy of life is when men are afraid of the light” 

Plato 

 

Abstract 

Applications of airborne laser scanning (ALS) are quickly moving from research 
to the operational status. ALS-derived canopy height and density metrics provide 
means of assessing forest attributes by modelling techniques. This study investigates 
the influence of threshold height during ALS metrics extraction. The forest used is 
formed by Eucalyptus plantations which age varied between 2 and 8 years old. The 
threshold heights could refer to minimum height and establishes a lower bound to 
height metrics computation, or refer to height break which establishes a reference to 
canopy density metrics calculation. Predictive modelling was repeated for several 
stand ages changing these parameters when processing ALS metrics, observing the 
differences in terms of metrics set quality. The results indicate that higher threshold 
height may return a better set of metrics. The impact of threshold height was more 
evident in young stands and for canopy density metrics. It is essential to separate the 
returns from canopy to below canopy aiming tree volume and biomass modelling, and 
the biological aspect should be preferred during threshold height definition. 

 

Keywords: Minimum height; Height break; Modelling; AIC 

 

2.1 Introduction 

 

The main approach towards estimating forest attributes from airborne laser 

scanning (ALS) datasets is to try and find relationships between metrics derived from 

laser returns and stand attributes measured in the field (NÆSSET, 1997). ALS metrics 

are statistics that distill the information available in cloud points assessed from a 

specific area (e.g. a forest stand, or a sample plot). A variety of modelling techniques 

relate forest attributes to specific ALS-based metrics (VALBUENA et al., 2013; HUDAK 

et al., 2008; HYYPPA et al., 2012; NÆSSET, 2002), in a so-called area-based 

approach (NÆSSET, 2002). It has become the most widespread approach in ALS-

assisted forest assessments, in the main due to its flexibility, since it can yield 
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satisfactory results whilst at the same time dealing with a wide range of vegetation 

types. 

After discounting the elevation of each laser return by the underlying terrain, the 

ALS returns that correspond to the georeferenced field plot are usually clipped out and 

the metrics computed. The most used ALS-metrics are: location and dispersion 

measures defined as canopy height metrics (mean, standard deviation, percentiles, 

etc) (MAGNUSSEN; BOUDEWYN, 1998), and proportions among vertical strata 

defined as density metrics (NÆSSET, 1997; NÆSSET, 2002; KORHONEN et al., 

2011).  

During the extraction of ALS metrics two threshold heights (ThresH) are usually 

used. Minimum height (MinH) thresholds are commonly specified as lower bounds to 

calculate height metrics. In other cases  heights are defined as breaks (HBreak) or 

limits to separate the cloud into two sets, as when the canopy returns are separated 

from the under canopy group. The MinH and HBreak may have the same value, or 

they can be set independently. A wide range of values can be applied, especially for 

mature forests where the majority of the returns are from biological material located 

some meters above ground (NÆSSET, 2011). 

A MinH usually defines points that do not match a certain criterion. Three types 

of approaches for setting that criterion can be found in the literature. The first approach 

selects a threshold value which splits the cloud into below-canopy and canopy returns, 

i.e. MinH eliminates points not related to canopy. The two meters value, for instance, 

was introduced by Nilsson (1996) as a minimum height threshold and is now one of 

the most common choices used to split the canopy (NÆSSET, 2011; MONTAGHI et 

al., 2013). Another common threshold is the 1.3 m value separating below-canopy and 

canopy returns. A second scenario is when the MinH is used to exclude elements not 

considered as necessary for particular field measurements, as established in the work 

of Zimble (2003) who adopted a MinH of 5.7m, corresponding to the lower limit of 

commercial viability as expressed by the average height of the smallest measured 

trees. Jensen and Humes (2006) used a MinH of 1.3 m arguing that field 

measurements do not consider trees below that height. The third scenario deals with 

noise from ground classification errors and aims to eliminate returns from boulders, 

stones, dead wood and other non-relevant elements. The choices here are based on 

visual inspection or empirical decisions and usually converge to heights as low as 0.5 
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meters (NÆSSET and BJERKNES, 2001), 0.3 meters (GARCIA et al., 2010), or even 

0.17 meters (HUDAK et al., 2006). 

HBreaks splits the cloud into two sets in order to calculate proportions (canopy 

density metrics). The threshold may be fixed, or otherwise defined by a function of 

other metrics, e.g. mean, mode or percentiles (NÆSSET 2002) defined specifically for 

the whole study area (MCGAUGHEY 2013). Sullivan (2008) applied a fixed HBreak of 

2 meters, emulating the eye of a human observer inside the forest with the intention of 

comparing the resulting data to traditional canopy density measurements. Flaherty 

considered a fixed HBreak of 1.3 m. Andersen (2005) defined the HBreak with regard 

to the height of the canopy base (FLAHERTY; LURZ; PATENAUDE, 2012). A mixed 

approach can be followed via the definition of fixed intervals relative to the maximum 

return elevation, a metric which can change among forest areas (NÆSSET, 2011). 

The objective of this research was to investigate the influence of ThresH , when 

ThresH is defined as both (or either) MinH and HBreak during ALS metrics extraction 

from a set of Eucalyptus plantations located in Brazil. Predictive modelling was 

repeated for several stand ages, altering the processing ThresH, and observing the 

qualitative differences of the resulting statistical models. 

 

2.2  Material and Methods 

 

2.2.1 Field and ALS data 

 

The study encompassed five different sites within an industrial eucalyptus 

plantation managed by a large pulp mill company located in the Eastern region of the 

State of Sao Paulo, in Brazil. The climate is subtropical, with an annual mean 

temperature of 21ºC. July is the coldest month with temperature averaging 17ºC and 

February the hottest with temperatures varying around 24ºC. The annual rainfall is 

1300 mm with wet and hot summers and dry and cold winters. The plantations consist 

of a mixture of hybrid eucalyptus clones obtained via the crossing of E. urophyla and 

E. gradis. The planting density results in a land occupancy of 1666 trees per hectare 

(3 x 2 meters). Age per stand ranges from 2 to 8 years old (Table 3.1). 
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Table 3.1- Summary of stands characteristics 

Age 
(yr) 

Basal Area 

(m².ha⁻¹) 
Height (m) 

Dominant 
Height (m) 

Volume 

(m³.ha⁻¹) 

2 
7.9 
(2.5 – 12.0) 

12.1 
(5.1 – 14.8) 

13.4 
46.3 
(6.9 – 87.8) 

3 
20.8 
(16.6 – 23.6) 

18.6 
(16.1 – 20.7) 

20.1 
173.8 
(117.3 – 217.5) 

5 
27.2 
(20.1 – 31.6) 

21.5 
(18.8 – 23.0) 

24.2 
266.5 
(200 – 337.8) 

6 
27.3 
(24.2 – 30.6) 

23.7 
(22.0 – 25.3) 

26.5 
292.1 
(241.7 - 344) 

8 
30.2 
(26 – 36.1) 

25.2 
(19.8 – 31.8) 

30.2 
362.3 
(277.7 – 452.8) 

 

The circular field plots were georeferenced and established with an area of 

400m². All tree diameters were measured at breast height using a calliper. Tree heights 

were determined by an electronic clinometer for 15% of trees within a plot. Heights of 

unmeasured trees were estimated using locally adjusted allometric models (same age 

and genetic material). Next, tree volumes were determined by applying the respective 

diameter and height into a volumetric model. Finally, plot stand volume was calculated 

and transformed into volume per hectare. All of the field measurements, and the 

allometric and the volumetric models were supplied by the local foresters in charge of 

forest inventory operations.  

The ALS survey was conducted in April 2012, and produced clouds with an 

average density of 5 points·m-². The laser returns were filtered and classified as ground 

and non-ground using the interpolation algorithm proposed by Kraus and Pfeifer 

(1998), considering a moving window equal to 6 meters and nine interactions. A digital 

terrain model (DTM) with a 1-m cell size was created which assigned to each cell the 

average elevation of the corresponding ground returns. The ALS heights were 

normalized by the respective DTM to obtain a ground-based cloud. 

 

2.2.2 Metrics extraction 

 

After clipping out the georeferenced plots, both the height metrics and the canopy 

density metrics were extracted using a particular threshold height t (MinH for height 

metrics and HBreak for canopy density metrics) which systematically increased from 

zero in intervals of 0.5 meters. The height metrics included in this study were minimum, 

maximum, mean, mode, standard deviation, variance, skewness, kurtosis, absolute 

average deviation, median absolute deviation from median, median absolute deviation 
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from mode, L-moments, percentiles (HP05 up to HP99), canopy relief ratio, quadratic 

mean, cubic mean (HCM). The canopy density metrics consisted of the percentage of 

first returns above HBreak, the percentage of all returns above HBreak and the ratio 

all returns above HBreak divided by the total of first returns. The ALS metrics were 

processed in FUSION (MCGAUGHEY 2013). 

For a specific t, each extracted metric m was regressed to the stand volume and 

the Akaike Information Criteria (𝐴𝐼𝐶(𝑚𝑡)) was calculated to measure the relative quality 

of the statistical model (AKAIKE, 1974; BOZDOGAN, 2000). The importance of a 

specific t was determined by the cumulative Akaike Information Criteria (𝑐𝐴𝐼𝐶𝑡) and 

calculated as the sum of the respective AICs obtained individually for each height or 

canopy density metric (𝑚𝑡): 

𝑐𝐴𝐼𝐶𝑡 = ∑𝐴𝐼𝐶(𝑚𝑡)   (2.1) 

The sets were evaluated based on their loss of information with respect to the 

best t subset. The relative increase in cumulative Akaike Information Criteria (∆𝑡) for 

each set of metrics derived for t was performed with respect to the most parsimonious 

model (min(𝑐𝐴𝐼𝐶𝑡)) and was evaluated by: 

 

∆𝑡= 𝑐𝐴𝐼𝐶𝑡 −min(𝑐𝐴𝐼𝐶𝑡)  (2.2) 

 

2.3 Results 

 

Five canopy profiles were analyzed for each stand age (Figure 2.1). The typical 

bimodal curve commonly present in most ALS data is observed clearly in the five age 

classes. The first peak represents the ground returns and the second peak represents 

the crown returns. The proportion of ground returns was around 10% (8-12%) and the 

canopy returns ranged from 9 to 15%. 
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Figure 2.1 - Average vertical profile for 2, 3, 5, 6 and 8 year old stands. Heights above ground in 

meters (range: 0 – 40) and density in absolute values (range: 0 - 0.15). Dashed gray line 

indicates observed stand mean height (in meters) 

 

Threshold height analysis was carried out by plotting ∆𝑡 (equation 2.2) for the 

increasing ThresH values. In order to allow direct comparison across all study sites in 

Table 2.1, the ThresH values were expressed relative to the dominant stand height of 

each site. The change in ∆𝑡was thus observed when compared against the ratio 

between each ThresH value and the dominant stand height. The optimal ThresH, which 

generates the best set of height metrics was selected as that one with the lowest 

∆𝑡value (zero). 

 

2.3.1 Minimum height 

 

The optimal value to MinH varied among stand ages from between 60% to 80% 

of the dominant height, where 80% of the dominant height was used as the upper 

bound (i.e. the cutoff level) for the MinH variation (Figures 2.2). For all ages, ∆𝑡 was 

higher for lower values of MinH and decreased when MinH rose. For age classes 2 

and 5, the optimal MinH value was approximately equal, but slightly lower than the 



 31 

upper bound of the interval (9 to 19 meters). For age class 6, the minimum heights 

varied significantly and presented a very distinctive curve shape. 

 

 

Figure 2.2 - The relative increasing of cumulated Akaike Information Criteria (∆𝑡) plotted against the 

ratio between the MinH value and the dominant stand height. The zero value for ∆𝑡 

indicates the best MinH in terms of dominant height 

 

2.3.2 Height break 

Younger stands showed larger variation in ∆𝑡 among HBreak values (Figure 2.3). 

The optimal HBreak value (considering the studied age classes) was located close to 

its upper bound, i.e. the mean stand height. The improvements related to HBreak were 

much higher in young stands than in mature stands (Figure 2.3). ∆𝑡 decreased by age 

class. The difference between the best and worst canopy density metrics was close to 

40 units for the 𝑐𝐴𝐼𝐶𝑡, in comparison to the 5 units observed in the 8 year old age class. 
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Figure 2.3 - The relative increase of cumulated Akaike Information Criteria (∆𝑡) plotted against the ratio 

between the HBreak value and the dominant height. The null value to ∆𝑡 indicates the 

best HBreak in the dominant height perspective 

 

2.4 Discussion 

 

Few studies exist that explore the impact of the use of different height thresholds 

on calculation of ALS metrics. Previous studies on ThresH were not able to assess 

clearly the nature of its influence on LiDAR metrics extraction and the ability of those 

metrics to explain the variability of forest attributes. Whilst investigating ThresH values 

(0.5, 1.3 and 2 meters) for biomass quantification of three young temperate forests, 

Næsset found in one of them a slight tendency towards a lesser proportion of the 

variance being explained, and a higher mean square error as ThresH increases 

(NÆSSET, 2011). In his approach, the best model for each studied ThresH was 

determined using stepwise regression analysis. He concluded that all of the tested 

threshold values generated models which performed equally well in estimating 

biomass and suggested that high values for the threshold height may discard useful 

information, whilst very low values may introduce noise into the canopy data set. The 

optimal solution would be to consider a compromise between these two criteria: 

eliminating noise without losing explanatory power. 
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Indeed, the curves constructed for many of the studied age class showed a stable 

𝑐𝐴𝐼𝐶 for lower ThresH values. However, when considering the entire studied range the 

best set of height metrics showed AIC values 100 units higher than the least helpful 

set of metrics. For the canopy density metrics, the best results scored a maximum of 

40 AIC units. This suggests that for ALS metrics the higher ThresH returned a better 

set of metrics. 

Canopy density metrics are indicative of structural features, they are thus of more 

use when estimating the basal area, diameter and number of trees, in contrast to 

volume and biomass where height metrics are usually more effective (MALTAMO et 

al., 2006; NÆSSET, 2002; ZONETE; RODRIGUEZ; PACKALEN, 2010; 

GONCALVES-SECO et al., 2011). This may explain why the greater influence of the 

ThresH value in relation to volume when calculating height metrics (MinH), compared 

to a lesser influence when calculating canopy density metrics (HBreak). For mature 

stands, a wide range of suitable HBreak are possible, in contrast to young stands 

where unique values may have a larger impact on the metrics quality (NÆSSET, 

2011). 

A useful and relevant technique concerning MinH is to exclude the low part of the 

cloud, changing the usual bimodal distribution (one peak of ground and one peak of 

canopy – Figure 2.1) to a uni-modal distribution. This modification is especially useful 

in the modeling of canopy profiles since normal distributions (e.g. Weibull) typically 

indicate uni-modal curves (COOPS et al., 2007). 

Caution should be attached to any extrapolation of our results towards the 

assessments of forests with more densely vegetated vertical structures, since the 

understory does not form a significant proportion of overall volume in a plantation 

management regime. ALS points backscattered from below the canopy have little 

explanatory power for stand volume. Another perspective is that in the absence of an 

understory, the number of returns backscattered from tree trunks can differ greatly 

according to the scanning angle. The elimination of those returns could be one of the 

reasons for the improved effectiveness of metrics found in this study. 

 

2.5 Conclusions 

 

This study helps to expand understanding on the influence of ThresH choice in 

metrics extraction. Better metrics can be obtained if echoes from the canopy are 



 34 

separated from those emanating from below the canopy. This separation is highly 

recommendable, above all for young stands, but still and becoming more flexible in 

mature plantations. This conclusion is of special importance to particular applications 

where the understory has not yet been assessed, such as the estimation of tree 

volumes. 
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3 DEVELOPMENT OF STAND VOLUME MODELS BASED ON STABLE METRICS 

FROM MULTIPLE ALS ACQUISITIONS IN EUCALYPTUS PLANTATIONS 

 

“What we do for ourselves dies with us. 

What we do for other and the world, 

remains and is immortal” 

Mason Albert Pike 

 

Abstract 

Some problems limit the ability to transfer predictive relations obtained from ALS 
point cloud descriptive metrics obtained from non-standardized flight missions, greatly 
limiting the benefits of forest ALS monitoring assessments. To mitigate this problem 
and reduce multi-temporal ALS assessments discrepancies, studies are needed to 
identify the most resilient set of metrics that produce stable and reliable estimates. The 
aim of this paper is to identify stable metrics derived from different ALS data sets, 
allowing them to be used as an independent variable when modeling stand volume, 
and thus assisting the management of Eucalyptus forest plantations. Three 
consecutive ALS missions were carried out at the same site on a particular day, but 
using different equipment and flight settings. Canopy height and density metrics were 
calculated for the ALS data sets. A sequence of statistical analyses were implemented 
in order to assess the variability and relevance of metrics extracted from the three 
datasets. The stability of ALS metrics differed at plot and grid levels. The selection of 
stable metrics can generate reliable models between different data sets. According to 
our results, the height metrics provide the greatest stability when used in the models, 
specifically the higher percentiles (>50%) and the mode. According to our results, 
some plausible stability can be achieved when the model relies more strongly on 
canopy height metrics than on density metrics. 
 

Keywords: Light detection and ranging (LiDAR); Vegetation mapping; Monitoring; 
Forest measurement; Returns density 

 

3.1 Introduction 

 

A goal of remote sensing in forestry is the reliable prediction of key vegetation 

parameters from data gathered using aircraft and satellite-borne instruments. In recent 

years airborne laser scanning (ALS), otherwise referred to as light detection and 

ranging (LiDAR), has emerged as the leading technology for the construction of high 

resolution three-dimensional maps (LIM; HOPKINSON; TREITZ, 2008; MONTAGHI et 

al., 2013). 
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The technology works by sending out short pulses of laser light downwards from 

an airborne platform (airplane). Part of the light is reflected back to the platform from 

features on the ground, with the return time giving the distance from the platform to the 

feature. At the moment each laser pulse is sent out, the position of the platform, 

obtained from an on-board GPS unit, is logged together with the direction of 

propagation of the light pulse from a highly sensitive inertial measurement unit attached 

to the beam steering optics (BALTSAVIAS, 1999a, 1999b). In practice a single 

outgoing pulse may generate multiple returns. This arises when there are partially 

transmitting strata of objects, such as the leaves and branches of trees, above the 

ground. Reflected pulses will come from these strata as well as from the light, which 

reaches and is reflected from the ground. The raw vertical heights of the points in the 

3D cloud are relative to a geo-fixed level. These heights can be normalized by 

subtracting the altitude of the ground (available from the pulses reflected at the 

ground). This post-processing of the ALS data yields a ground-referenced cloud 

showing the positions, heights and shapes of partially transmitting objects, such as 

trees. It is these unique capabilities, which have made ALS a useful remote sensing 

technology for forestry monitoring, and a potential source of vegetation structure 

information. 

Since the number of points in an ALS cloud is very high, for the evaluation of 

forest vegetation, it is usual to reduce the point cloud over each plot to a set of metrics. 

These metrics are statistics that describe the distribution of the ALS returns. Each 

return is basically characterized by a ground position, a height above the ground, and 

an intensity. The point height records for a plot generate a discrete distribution of 

number of returns for different heights above the ground. The characterization of this 

distribution is achieved through height metrics of location (for example: mean and 

percentile boundaries), height metrics of dispersion and form (for example: standard 

deviation and skewness), and density metrics (for example: the fraction of points in the 

distribution with heights greater than the mean) (DALPONTE et al., 2009; NÆSSET, 

2009; GONCALVES-SECO et al., 2011; VAUHKONEN; MEHTATALO; PACKALEN, 

2011). 

The distribution of return intensities, relative to the intensity of the incident pulse, 

for a plot can also be extracted from an ALS data set, and summarized by metrics 

analogous to those used to describe the height distribution. However, many factors 

influence the intensity of a return, making it hard to obtain reproducible distributions of 
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return intensities. Therefore, intensity metrics were not computed or analyzed in this 

study. 

The content of an ALS data set is as much influenced by the laser source, the 

sensor parameters, and the flight settings as by the features present on the ground. 

Considering a given location on the ground, the number of pulses incident on unit area 

perpendicular to the vertical (the pulse density) depends on the height and speed of 

the airborne platform over the ground, the pulse repetition frequency, the angles 

defining the path of the incident pulses and the speeds at which the laser scanning 

optics change these angles. All of these factors are mathematically defined, so that the 

incident pulse density can be calculated (BALTSAVIAS, 1999a). 

Forests are considered semipermeable for the laser beam. Trees are spatially 

complex objects capable of generating many returns from each pulse, thus predicting 

which of these many returns will be logged by an ALS sensor is extremely challenging 

and dependent on many factors. One return point will be recorded when the energy 

reflected back to the sensor has power enough to trigger the detection algorithm 

(CHASMER et al., 2006). In order to receive a useful signal from higher-flying heights, 

both the transmitted power and the dimensions of the receiver optics need to be 

increased, and the beam divergence decreased (BALTSAVIAS, 1999). It is important 

to mention that the capacity to register a return point is not reliant solely upon the ALS 

equipment, but also upon the object. Object reflectivity thus has a fundamental role 

concerning the quality of the signal. 

The width of the full area to be surveyed by ALS is usually greater than the swath 

of a single pass, which is determined by the platform height and the limits of the angular 

sweep provided by a single cycle of the beam steering optics. The ALS data set from 

a single survey is thus normally a combination of several, laterally displaced, flights 

over the survey area, with overlap between the strips scanned on successive passes 

(REUTEBUCH; ANDERSEN; MCGAUGHEY, 2005; MALTAMO et al., 2012). 

Differences in cloud properties (e.g. point density, pulse density, overlap areas) 

and between raw data sets collected at different times are extremely common, if not 

inevitable. These differences in survey results over time have implications that must 

be considered carefully. The most frequent causes of these differences include the use 

of different instruments and modifications to the flight settings. A straightforward 

approach in reducing these impacts is to adjust the model parameters using new field 

data after a particular ALS survey. Keeping these flight settings constant, or collecting 
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a new set of field data will substantially impact upon the cost of surveys. Ideally, metrics 

describing the height distribution of returns should not vary in relation to the flight 

settings. 

In this study, we examined data sets corresponding to consecutive scans of the 

same Eucalyptus plantation carried out on the same day using different settings for the 

equipment and flight. Our aim was to identify stable metrics that could serve as 

independent variables in stand volume modelling, the final objective being to assist 

Eucalyptus plantation managers. 

 

3.2 Material and Methods 

 

The study area is located at the geographical coordinates (22º 58’ 04’’ S, 48º 43’ 

40’’ W), which lies within the municipality of Itatinga in the state of São Paulo, Brazil. It 

comprises a plantation of 7-year-old Eucalyptus grandis, covering an area of 198.9 ha. 

The tree spacing was 3.75 m x 1.60 m, resulting in an area of 6 m² per tree. The terrain 

displays gentle undulations (height difference between the highest and lowest points 

= 57 m), with an average elevation of 750 m above sea level (CAMPOE et al., 2012). 

The mean annual rainfall was 1391 mm, with 75% concentrated from October to 

March. Mean annual temperature was 19.2 °C, ranging from 13.3 °C in the coldest 

months (June to August) to 27.2 °C in the warmest months (December to February) 

(ALVARES et al., 2013). 

The study site was formed of evenly planted trees from superior genetic material; 

the trees were of the same age and the mortality rate was low. These forest plantation 

conditions make it reasonable to assume a linear relationship between stand volume 

and metrics expressing the height of the trees. We found that fitting linear regression 

models between ALS metrics and stand volume resulted in statistically significant 

coefficients and models. 

The field data were acquired in July 2009. We established 23 rectangular plots 

with areas ranging from 500 to 900 m²; the limits of each plot were marked by painting 

the trees which corresponded to the boundaries. The height of each tree within a given 

plot was measured with a hypsometer Haglof HEC-R for height and the diameter at 

1.30 m above the ground with a diameter tape. The timber volume for the tree was 

then estimated from its height and diameter using a formula developed by DURATEX 

S.A. (forest manager) for Eucalyptus grandis established in this region of Brazil. The 
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variable of interest, stand volume (total timber volume per unit area), was calculated 

as the total estimated timber volume for the trees of the plot divided by the respective 

area. Uniform clear-cutting of the entire plantation occurred a few days after the tree 

height and diameter measurements were completed. The geographical positions of the 

vertices of each plot could then be determined by differential GPS, with no risk of crown 

interference. At each vertex, GPS signals were logged using a roving receiver with an 

external antenna (Trimble Pro XR), these records were post-processed with correction 

data retrieved from the fixed base station in Presidente Prudente (station number 

93900, 22º 07’ 09.9679’’ S, 51° 24’ 28.9700’’ W and altitude of 435.40 meters) operated 

by the Brazilian Institute of Geography and Statistics (IBGE) to give final plot corner 

positions. Location statistics of the stand volume over the 23 rectangular plots are 

presented in Table 3.1. The mean volume of the study plots is equal to 410.6 m3 ha-

1, the minimum volume is 278 and the maximum is 536.6 m³ ha-1, indicating that the 

stand volume is an important parameter for be estimated against the ALS metrics. 

 

Table 3.1 – Location statistics of the stand volume over 23 plots (𝑚3ℎ𝑎−1) 

Minimum 1st Quartile Median Mean 3rd Quartile Maximum 

278.0 354.2 402.4 410.6 471.9 536.6 

 

Three ALS data sets (DS) were acquired on April 2009, with a Leica ALS50-II 

carried on an EMB 810 C SENECA II aircraft with slightly different settings (Table 3.2). 

Each data set contains the results from a series of parallel sweeps over the study area, 

the following parameters were the same for every flight: flight speed (140 km h-1), half 

angle (±7.5°), scan rate (74 Hz). The lateral displacement of successive sweeps over 

the study area was set to give 30% overlap. 

 

Table 3.2 – Settings between the three data sets (DS) 

 DS1 DS2 DS3 

Flight height (m) 2485 1658 900 

PRF (Hz) 100.7 137.3 109.7 

Laser Power (%) 77 54 28 

Number of strips 4 10 22 

Point density 
average 

2.8 5.6 8.7 
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The altitude of the terrain beneath each point was subtracted from the altitude of 

the point. The digital elevation model required for this normalization was obtained to a 

horizontal resolution of 1 m from the ground returns of each data set. Each 

georeferenced field plot was subsequently extracted and its respective metrics 

calculated. The corresponding metrics extracted from plot level were also calculated 

for a grid consisting of 20-meter square cells, each encompassing a single data set. 

We calculated the following height metrics (HM) from the point height data: mean, 

quadratic mean, cubic mean, and mode (measures of central tendency); percentiles: 

10, 25, 50, 75, 90, 95, and 99; and standard deviation, coefficient of variation, 

skewness, and kurtosis (measures of dispersion). These 15 metrics were calculated 

from the height values of all the points above 1 meter in each cloud, and from the 

heights of the subset of points corresponding to first returns, giving a total of 30 height 

metrics for each plot and data set. The density metrics (DM) are ratios (expressed as 

percentages) of a relation between the total number of points, and the numbers of 

points satisfying the following height-value criteria: greater than 2 m, greater than the 

mean for the plot, and greater than the mode for the plot. We generated a total of 12 

density metrics for each plot and data set. The complete list of metrics can be found in 

Appendix. 

The best model for estimating stand volume based on the metrics calculated from 

all 23 plots was determined for each particular data set. The correlation matrix between 

metrics was calculated, and all metrics with a correlation greater than 90% were 

grouped together. The metric that was most highly correlated with the dependent 

variable stand volume was chosen to represent the group. All of these metrics were 

then used to perform a regression analysis on the stand volume. Every possible 

combination was investigated via limiting the regression size up to three independent 

variables. The best overall regression, and the best regression that included one high 

metric and one density metric, were then selected through Akaike Information Criteria 

(AIC) and the adjusted coefficient of determination (adjR2). 

After determination of the best models considering all metrics for each data set, 

we started to study the stability of the metrics amongst the data sets. Initially, we 

compared the similarity of height metrics at plot level amongst the three data sets for 

all returns and for the first returns. The same comparison was then performed on 

density metrics, comparing again amongst the three data sets.  
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We are interested in how the variability in the four groups of metrics (height 

metrics and density metrics for all returns and first returns) can be explained by each 

ALS data set (DS1, DS2 and DS3 as described in Table 3.2). Because there are 

multiple dependent variables that cannot be combined, a multivariate analysis of 

variance (MANOVA) was chosen.  The null hypothesis in this analysis is that different 

acquisition settings have no effect on any of the four types of metrics. 

A MANOVA was used to search for evidence of significant differences in the sub-

vectors of plot metrics describing the data sets. We divided the vector of plot metrics 

into four sub-vectors: all return height metrics (HM | AR), first return height metrics (HM 

| FR), all return density metrics (DM | AR), and first return density metrics (DM | FR), 

and applied MANOVA to each sub-vector separately. 

For each sub-vector, and assuming that (i) there are q dependent variables in the 

MANOVA; (ii) all hypothesis tests may be performed on matrix A = HE-1, with H 

denoting the hypothetical sums of squares and cross products matrix and E denoting 

the error sums of squares and cross products; and (iii) letting λ_i denote the ith 

eigenvalue of matrix A, a Pillai’s trace can be computed as: 

 

𝑃𝑖𝑙𝑙𝑎𝑖′𝑠𝑡𝑟𝑎𝑐𝑒 = 𝑡𝑟𝑎𝑐𝑒[Η(Η + Ε)−1] = ∑
𝜆𝑖

1+𝜆𝑖

𝑞
𝑖=1    (3.1) 

 

The Pillai's trace is one of the four multivariate criteria test statistics used in 

MANOVA and is considered the most powerful and robust for testing the null 

hypothesis. In combination with the appropriate numbers of degrees of freedom, each 

Pillai´s trace yielded a p-value from which the significance of the data set effect on the 

components of the sub-vector was assessed. 

The similarity between a set of metrics at plot level does not guarantee stability 

for the entire study area, even when the plots are an asymptotically unbiased sample 

of the population. The ALS data sets, though, covers the entire area returning an dense 

cloud point sample from the population, capturing much more details and resulting in 

differences not captured at the plot level. Therefore, the interest on investigating the 

stability amongst data sets via a comparison of the metrics extracted from 20-meter 

cell grids. 

A paired Kolmogorov-Smirnov test (KS) determined which metrics had non-

significant differences in the distribution between data sets. Non-significant differences 
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between the possible paired comparisons identified the stable metrics. The best model 

for estimating stand volume was fitted again as described before, however this time 

only the stable metrics were used. 

The best models obtained for each data set based on non-discriminated metrics 

and the best models using the most stable metrics were then compared and evaluated 

according to the adjusted coefficient of determination (adjR2), Akaike Information 

Criteria (AIC), and the relative root mean square error (rRMSE). 

 

3.3 Results 

 

The groups of correlated metrics varied widely between the data sets. Metrics 

derived from DS1 and DS2 were grouped into 7 groups, and DS3 into 9 groups. The 

group members showed some interesting differences however. Whereas HSD, HCV, 

HSDf and HCVf metrics formed a separate group in DS1, they were grouped with the 

other height metrics for DS2. The metric HP10f was also included in an isolated group 

for DS2. When analyzing the groups formed for DS3, the metric HP25 went to an 

isolated group, HP10f remained isolated as in DS2 and HSD, HCV, HSDf and HCVf 

metrics formed a separate group as in DS1. For all of them, the density metrics were 

similarly grouped: PARAMO and PFRAMO together, PARA2 and PFRA2 together and 

another group consisting of PARAM and PFRAM (Table 3.3). 
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Table 3.3 - Groups formed by data set considering all metrics extracted. In bold, the highest correlated 

metrics to volume representing the group. The metrics are identified in APPENDIX, and the 

data sets in Table 3.2 

 DS1 DS2 DS3 

Group 1 HM, HMO, HP25, 
HP50, HP75, HP90, 
HP95, HP99, HSQ, 
HC,  HMf, HMOf, 

HP10f, HP25f, HP50f, 
HP75f, HP90f, HP95f, 

HP99f, HSQf, HCf 

HM, HMO, HP25, 
HP50, HP75, HP90, 
HP95, HP99, HSQ, 
HC,  HMf, HMOf, 

HP25f, HP50f, HP75f, 
HP90f, HP95f, HP99f, 

HSQf, HCf, HSD, 
HCV, HSDf, HCVf 

HM, HMO, HP25, 
HP50, HP75, HP90, 
HP95, HP99, HSQ, 
HC,  HMf, HMOf, 

HP10f, HP25f, HP50f, 
HP75f, HP90f, HP95f, 

HP99f, HSQf, HCf 

Group 2 HSD, HCV, HSDf, 
HCVf 

HS, HK, HSf, HKf HSD, HCV, HSDf, 
HCVf 

Group 3 HS, HK, HSf, HKf PARA2, PFRA2 HS, HK, HSf, HKf 

Group 4 PARA2, PFRA2 PARAM, PFRAM PARA2, PFRA2 

Group 5 PARAM, PFRAM PARAMO, PFRAMO PARAM, PFRAM 

Group 6 PARAMO, PFRAMO HP10 PARAMO, PFRAMO 

Group 7 HP10 HP10f HP10 

Group 8   HP25 

Group 9   HP10f 

 

Similar to group formation, the metrics which represented each group also 

differed between the data sets. The metrics representing the groups formed for DS1 

were HP10f, HSD, HK, PARA2, PARAM, PARAMO and HP10. For DS2 the metrics 

were: HP25f, HS, PARA2, PARAM, PARAMO, HP10 and HP10f. Finally, for DS3, the 

representative metrics were HP25f, HSD, HS, PARA2, PARAM, PARAMO, HP10, 

HP10f, HP25. 

The Pillai’s trace testing of the metrics for sensitivity to the data set was carried 

out comparing three ALS data sets. Examining first the height metrics (HM), when 

these were computed from all the returns (HM | AR), the metrics showed no significant 

differences between data sets, with p-values of 0.161. The height metrics for the first 

returns (HM | FR) displayed weakly significant differences (p-value = 0.038). The 

density metrics (DM) computed both from all the returns (DM | AR) and from the first 

returns (DM | FR) were significantly different between the ALS data sets (Table 3.4). 
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Table 3.4 – Results of Pillai’s Trace () used to test for significant differences in the metrics for plot level 

between data sets, followed by computation of an approximate F-ratio (Fapprox) and a p-

value to establish significance. The metrics are identified in APPENDIX, and the data sets 

in Table 3.2 

 Group of Metrics 

 Height Metrics Density Metrics 

 
HM | AR 

(15 metrics) 
HM | FR 

(15 metrics) 
DM | AR 

(6 metrics) 
DM | FR 

(6 metrics) 

 0.5427 0.6288 0.7871 0.8248 

Fapprox 1.3077 1.6202 4.2542 4.6014 

p-value 0.161ns 0.0385 7e-07** 1e-07** 

ns No significant differences (p-value > 0.1) and ** Highly significant differences (p-value < 0.001) 

 

The Kolmogorov-Smirnov test provided a statistical test of equivalence of one 

metric at a time between pairs of data sets. From 30 HM and 12 DM including all and 

first returns, just 10 HM and 1 DM displayed non-significant differences of cumulative 

probability distribution between data sets at a confidence level of 95% (Table 3.5). 

 

Table 3.5 – P-value for the non-significant metrics by the Kolmogorov Smirnov test comparing two-by-

two distribution metrics extracted for a grid by 20x20m superimposed to the study area. The 

metrics are identified in APPENDIX, and the data sets (DS) in Table 3.2 

 HMO HP50 HP75 HP90 HP95 HP99 HMOf HP90f HP95f HP99f PARAMO 

DS1 x DS2 0.25 0.08 0.02 0.03 0.06 0.19 0.25 0.03 0.03 0.1 0.07 

DS2 x DS3 0.74 0.81 0.56 0.32 0.2 0.3 0.55 0.31 0.24 0.24 0.33 

DS1 x DS3 0.45 0.05 0.48 0.72 0.98 0.99 0.62 0.59 0.93 0.99 0.01 

 

If considering only the non-significant metrics established by a KS test between 

DS, the groups formed and the representative metrics are the same. The 11 stable 

metrics between data sets were split into two groups. One containing the height metrics 

(HMO, HP50, HP75, HP90, HP95, HP99, HMOf, HP90f, HP95f and HP99f) and the 

second group containing the density metric PARAMO (Table 3.6). 

 

Table 3.6 – Groups formed by data set considering just non-significant metrics under KS test. In bold 

the highest correlated metrics to volume representing the group. The metrics are identified 

in APPENDIX, and the data sets in Table 3.2 

 DS1 DS2 DS3 

Group 1 HMO, HP50, HP75, HP90, HP95, HP99, HMOf, HP90f, HP95f, HP99f 

Group 2 PARAMO 
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While considering all 42 metrics (first and all returns) for both the grouping of 

metrics and for the evaluation the best potential model, we did not find any consistency 

between the best model per data set. The best model for DS1 was built with HP50f 

and HP10 metrics. For DS2, the best model had one unique metric, the HP25f, and for 

the DS3 the stand volume was regressed against HP25f and HSD. Between the 11 

stable metrics, the metrics that make up the best model were consistently the same  

the HP50 (Table 3.7). 

 

Table 3.7 – The best model to estimate stand volume based on ALS metrics. The metrics are identified 

in APPENDIX, and the data sets in Table 3.2 

DS | Metrics Best model R²adj AIC rRMSE 

DS1 | all metrics V = HP50f + HP10 0.78 224.7 7.51 

DS2 | all metrics V = HP25f 0.81 220.4 7.14 

DS3 | all metrics V = HP25f + HSD 0.79 223.4 7.31 

DS1 | stable 
metrics 

V = HP50 0.77 224.4 7.8 

DS2 | stable 
metrics 

V = HP50 0.78 223.8 7.69 

DS3 | stable 
metrics 

V = HP50 0.76 225.41 7.97 

 

When investigating the scenario where the model must be based in one height 

metric and one density metric, and where all of the 42 metrics are eligible, the best 

model for DS1 consisted of the metrics HP50f and PARA2. The best model for DS2 

consisted of the metrics HP25f and PARAM. The best model for DS3 consisted of the 

metrics HP25f and PARA2. If narrowing the eligible metrics to solely the stable group, 

the best model was the same across all data sets, and was formed by metrics: HP50 

and PARAMO (Table 3.8). 

 

Table 3.8 – The best model with one height metrics and one density metric to estimate stand volume 

based on stable ALS metrics. The metrics are identified in APPENDIX, and the data sets in 

Table 3.2 

DS | Metrics Best model R²adj AIC rRMSE 

DS1 | stable metrics V = HP50 + PARAMO 0.76 226.1 7.74 

DS2 | stable metrics V = HP50 + PARAMO 0.77 225.3 7.61 

DS3 | stable metrics V = HP50 + PARAMO 0.75 227.2 7.93 
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3.4 Discussion 

 

Three data sets obtained for the same area in the same day, but employing 

different equipment configurations and different flight settings, generated slightly 

different metrics. These differences appeared both in the correlation between metrics, 

as well as in the correlation to the dependent variable (stand volume). The implication 

here is that the best model in estimating stand volume also differs between the data 

sets. 

Thomas et al. (2006) found different models for each ALS data set comparing the 

coefficient of determination and the root mean square error. The best model to estimate 

stem volume by their low-density data set (0.035 pts m-²) used the first returns 

percentile 50 and the best model to their high-density (4 pts m-²) data set used the all 

returns percentile 50. Gonzalez-Ferreiro et al. (2012) have also explored the selection 

of height metrics for the prediction of stand volumes from different LiDAR data sets. 

The best model for their 0.5 pts m² data set used as predictors the height metrics: 

standard deviation, skewness and the 5% percentile. In contrast, the stand volume 

model for the 8 pts m-² data set did not include the standard deviation. 

The modelling of stand volume was based on multiple linear regression, based 

upon an earlier investigation in which both the linear and nonlinear models were 

individually adjusted in relation to the stand volume and to the metrics. The test for 

linearity was found to be significant, and the nonlinear models (quadratic and cubic) 

did not increase the explained variance significantly. The forest type studied can 

explain this linear behaviour: homogeneous and fast growing stands, with same age. 

A Pillai's Trace test revealed that the density metrics (for both cases: all returns 

and first returns) differed between the data sets, which did not occur when we 

performed the test with the height metrics. This high sensitivity is reflected in the 

absence of density metrics among the best models selected for each data set (Table 

3.7). 

The density metrics were highly sensitive to the point density, due probably to the 

fact that as altitude increases footprints also increase, returns densities decrease and 

irradiance per unit area decreases. Therefore, as the flight altitude varies, full waves 

may be trigged and decomposed into returns differently from flight to flight. 

Nonetheless, Bater et al. (2011), when testing the reproducibility of ALS metrics with 

multiple scans over the same location taken on the same day, found that the majority 
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of the height metrics were not significantly different. However, the differences for the 

density metrics were highly significant, and arose from large differences in point density 

between the four flight lines. They argued that the observed differences in point density 

found during their campaign might have been caused by unintentional variations in the 

orientation and altitude of the platform. 

Application of the Kolmogorov-Smirnov test to compare cell metric values 

between pairs of data sets showed statistically significant differences between the data 

sets for most metrics. The exceptions were the high height percentiles, the mode of 

the heights and the proportion of all returns above mode, which displayed statistical 

similarity between all the data sets. 

Once the candidate metrics as explanatory variable for stand volume had been 

limited to metrics that were considered stable, similar models were determined for the 

data sets, both in respect to performance and to selected metrics. Even equipment 

configurations and flight parameters that resulted in a higher return density did not 

show any significant differences. Thomas et al. (2006) also found that an increase in 

point density does not necessarily improve the prediction accuracy of mean dominant 

height, basal area, crown closure, and average aboveground biomass. 

Even when restricting the candidate metrics to just the stable group, the model 

performances are still very close (Table 3.7 and Table 3.8). One particular height metric 

and one particular density metric were imposed onto the model in order to simulate the 

biological condition, concerning the site quality and the stand density respectively. The 

models even in this scenario maintained a similar level of performance to models 

based upon all of the metrics. 

Foody et al. (2003) explored the problems associated with attempts to transfer 

predictive models of vegetation towards combined uses with remote sensing data, and 

demonstrated that there exist many complicating factors. The inability to transfer these 

data relationships satisfactorily seriously limits the contribution that remote sensing can 

make in environmental applications. Our study has shown that some metrics do 

nevertheless have the desirable property of returning similar values across different 

data sets, and that some post-processing of data sets can improve model 

transferability. Once variance in airborne laser scanner sensors and flight settings are 

considered, the scope for metric values to change in response to properties unrelated 

to the vegetation being surveyed increases (MAGNUSSON; FRANSSON; 

HOLMGREN, 2007), and so also do the difficulties in the search for transferable 
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models. A straightforward approach towards consistently producing good models is to 

always use field data when resetting model parameters after a LiDAR data survey. 

However, a more low-cost method over the long term would be the discovery and 

development of transferable models. This would require stable metrics, such as those, 

which show the greatest similarity between different data sets and different methods 

of remote data gathering. 

Even the ALS sensors have evolved over the last decades, the biomass 

quantification remains holding in the metrics correlation to biophysical parameters. The 

use of stable metrics can increase the compatibility between surveys, making the 

results comparable and allowing a historical series studies. 

This study investigated candidate metrics to form transferable models based on 

ALS-derived metrics derived from multiple surveys of data collected at the same site 

on a particular date. We have investigated the stability of metrics at both the plot and 

grid levels, and have demonstrated how the selection of stable metrics can contribute 

to generate reliable models between different data sets. According to our results, the 

height metrics provide the greatest stability when used in the models, specifically the 

higher percentiles (>50%) and the mode. 
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4 ANALYSIS OF THE PERFORMANCE OF TWO MACHINE LEARNING 

METHODS TO ESTIMATE FOREST STAND VOLUME USING AIRBORNE 

LASER SCANNING DATA  

 

“Fairy tales do not tell children that dragons exist.  

Children already know that dragons exist.  

Fairy tales tell children that dragons can be killed.” 

G. K. Chesterton  

 

Abstract 

Machine learning models appear to be an attractive route towards tackling high-
dimensional problems, particularly within areas where a lack of knowledge exists 
regarding the development of effective algorithms, and where programs must 
dynamically adapt to changing conditions. The core objective of this study was to 
evaluate the performance of two machine learning tools in predicting stand volume, 
based on statistical vegetation metrics extracted by an Airborne Laser Scanning (ALS) 
survey. The forests used in this study were composed of 1,138 hectares of commercial 
plantations that consisted of hybrids of Eucalyptus grandis and Eucalyptus urophylla, 
managed for pulp production. Two machine learning tools were implemented, neural 
network (NN) and random forest (RF), and their performance was compared to a 
regression model (RM). The RF and the RM presented a RMSE of 31.85 m³ ha-1 
(13.1%) and 31.09 m³ ha-1 (12.8%) respectively. The NN presented a higher RMSE 
than the others, equal to 50.23 m³ ha-1 (20.7%). The ranking of ALS metrics based on 
their relative importance for the estimation of stand volume differed significantly 
between the methods used. Rather than being limited to a subset of predictor variables 
when explaining as much of the variability of the dependent variable as possible, 
machine learning techniques explored the complete metrics set, looking for patterns 
between them and the dependent variable. 
 

Keywords: Stand volume; LiDAR; Artificial intelligence; Neural network; Random forest 
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4.1 Introduction 

 

Remote Sensing (RS) has been used as an efficient assessment tool to monitor 

large forest areas. RS techniques allow the retrieval of spatial data from the 

environment like trees, roads, stream flow, and other objects located over the ground 

surface (ZHOU et al., 2013). The available expertise in multi-spectral image 

acquisition, processing, interpretation, and its relatively lower cost have resulted in the 

high use of this method within forest monitoring activities (PRASAD; BRUCE; 

CHANUSSOT, 2011). However, multi-spectral RS encounters problems when 

assessing vertical information directly (i.e. incorporating a third dimension) since it 

performs less impressively in sensing structure under medium to high leaf area 

conditions. The radiometric interference from the surface slope, the weather 

conditions, the atmospheric turbidities, and the angles of solar incidence also present 

problems to multi-spectral RS (PROY; TANRE; DESCHAMPS, 1989; STOJANOVA et 

al., 2010; PFLUGMACHER; COHEN; KENNEDY, 2012). 

Airborne Laser Scanning (ALS) has been employed to generate Digital Elevation 

Models (DEM) throughout the last 20 years (MONTAGHI et al., 2013). Due to its ability 

to penetrate the forest canopy, ALS technology has become the primary data source 

for characterizing vertical forest structure (WHITE et al., 2013), and its use has 

expanded towards new applications such as monitoring vegetation. Based on Light 

Detection and Ranging (LiDAR) technology, this sensor provides horizontal and 

vertical information at high spatial resolution and high vertical accuracies that 

significantly increase our understanding about the real 3D structure of the forest 

(NÆSSET, 2004; PATENAUDE et al., 2004).  The large amount of data constrains the 

direct use of ALS as an input to the modelling of forest parameters. After collection, 

the raw ALS data must subsequently be reduced and represented numerically within 

the calculation of several spatial ALS-metrics that can then be used to create predictive 

equations for forestry inventory attributes. The number of metrics can easily reach 

hundreds of variables, and the selection of these metrics remains an empirical process 

highly dependent of human intervention. After eliminating all but the most descriptive 

metrics, forest attributes are then estimated through statistical regression analyses that 

explore the correlation between field measurements and ALS metrics (NELSON; 

KRABILL; TONELLI, 1988; NÆSSET, 1997; LEFSKY et al., 1999; NÆSSET; 

BJERKNES, 2001; REUTEBUCH; ANDERSEN; MCGAUGHEY, 2005; ZHAO; 
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POPESCU; NELSON, 2009; GLEASON; IM, 2012). Linking ALS-metrics to field data 

is an effective method for estimating several forest attributes (e.g., stem volume, basal 

area, biomass, etc.) at the stand or regional level, but there remains a large set of 

assumptions and site-specific considerations that must be made (ZHAO et al., 2011). 

In fact, a large number of variables could theoretically improve the precision of the 

models, but models with fewer variables are much easier to interpret (MURPHY; 

EVANS; STORFER, 2010). It is thus important to develop parsimonious models, 

mainly because prediction models should be valid for general conditions, and degrees 

of freedom should not be unreasonably discarded. Finally, large sets of predictor 

variables often bear strong inter-correlations, which can lead to unstable predictions 

(LATIFI; NOTHDURFT; KOCH, 2010). 

Three approaches have been used to select metrics and develop regression 

models with ALS data. One is to adjust models based on empirical pre-established 

relationships between field data and ALS metrics established by other studies (ZHAO 

et al., 2011). Another is to determine the best relationship between ALS metrics and 

field data through optimizing a certain statistical measure (stepwise or exhaustive 

search) (NÆSSET, 1997; PATENAUDE et al., 2004). A third approach involves the 

use of  multivariate statistical analysis, based on the assumption that multi correlated 

ALS metrics should be used to estimate forest parameters (VALBUENA et al., 2013). 

Within the context of remote sensing forest structures via ALS data, studies have 

shown that the majority of estimation models are not only site- or species-specific, but 

also scale-dependent, which indicates that the models should be applied at a scale or 

pixel (cell of the grid) size commensurate to the plot size used in the model fitting 

(NÆSSET, 2002). Zhao (2009) demonstrated that is possible to reduce the effects of 

plot scale by using machine learning tools such as neural network (NN) or random 

forest (RF). 

These machine learning tools are effective when producing software, since they 

have the ability to tackle high-dimensional problems, poorly understood domains 

where there is lack of knowledge needed to develop effective algorithms, or domains 

where programs must dynamically adapt to changing conditions (MITCHELL, 1997). 

An additional advantage is that machine learning allows the user to implement a 

continuous learning process. Previous remote sensing studies have shown a superior 

or promising level of performance by artificial intelligence techniques over more 
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classical methods (FANG; LIANG; KUUSK, 2003; ATZBERGER, 2004; DURBHA; 

KING; YOUNAN, 2007; ZHAO; POPESCU; ZHANG, 2008; ZHAO et al., 2011). 

The primary objective of this study is to evaluate the performance of two machine 

learning tools (NN and RF) to stand volume estimation. The secondary objectives are: 

(1) to compare the performance of AI tools to the usual regression model and (2) to 

assess the relative importance of ALS metrics through AI. 

 

4.2 Material and Methods  

 

The study area is located in the State of São Paulo, characterized by a 

mountainous topography, ranging from 589 to 1294 meters above the sea level. The 

area covers approximately 1,138 hectares. The forest consists of a commercial 

plantation, the stock being hybrids of Eucalyptus grandis W.Hill ex Maiden and 

Eucalyptus urophylla S. T. Blake managed by the Fibria SA to supply a pulp production 

company. The trees spacing is 3 x 2 meters, resulting in 1666 plants per hectare, with 

an age range of 2 to 8 years old.  

The ground data were collected using 112 georeferenced circular plots of 400 

square-meters. The plot volume was determined from the sum of individual trees, 

based on their diameter, height and specific volume equation linked to the total area.  

The LiDAR data were acquired over the 2012 summer by an RIEGL LMS Q860I 

sensor combined with an Applanix 510 IMU/GPS installed on a Piper Seneca II aircraft. 

The mean posting density was 5 points per square meters. The main ALS survey 

parameters are reported in Table 4.1. 

 

Table 4.1 - Parameters of ALS campaign used in this work 

Parameter Unit Values 

Average points density pts.m-² 5 
Flight height M 792 
Flight speed km.h-1 148 
Pulse rate kHz 200 

Datum UTM SIRGAS2000 
Year of flight Year 2012 
Overlapping % 30 

 

 

 



 57 

In order to retrieve canopy height in reference to the ground, the 1-m resolution 

digital elevation model derived from the ground returns was used to normalize the point 

cloud. The understory influence was then eliminated by excluding all echoes below 1-

m from the calculation of ALS-metrics (NILSSON, 1996).  

The ALS metrics for the corresponding field plots were initially extracted from just 

the first returns (single and first of many) and then later from all returns. A total of 104 

ALS-metrics, divided into either height metrics or canopy density metrics, were 

extracted for each plot. The ALS-metrics considered in this study were widely used in 

the existing literature, and have been established as effective for stem volume 

estimation (LIM; TREITZ, 2004; NÆSSET, 2004; PARKER; RUSS, 2004; HUDAK et 

al., 2006; NÆSSET; GOBAKKEN, 2008). 

The metrics used were: mean of heights (HMEAN), quadratic mean (HSQ), cubic 

mean (HCUB), mode (HMODE), median (HMEDIAN), median of the absolute 

deviations from the overall median (HMADIAN), median of the absolute deviations from 

the overall mode (HMADODE), percentiles of height (HP##), maximum (HMAX), 

interquartile distance (HIQ), standard deviation (HSD), variance (HVAR), average 

absolute deviation (HAAD), kurtosis (HKUR), skewness (HSKW), L-moments (HL1, 

HL2, HL3, HL4, HLSKW, HLKUR), canopy relief ratio (CRR), percentage of all returns 

above a particular height (ARA2FR, PARA2, ARAMOTFR, PARAM, ARAMO, 

ARAMTFR, PARAMO, ARAM, TARF), percentage of first returns above a particular 

height (PFRAMO, PFRA2, PFRAM, FRAM, FRA2, TFRF). 

In our experiment, we used to machine learning both based on supervised 

learning:  neural network (NN) and random forest (RF). The underlying goal of artificial 

intelligence is to perform acceptably (or even optimally) well at a specific task in a 

particular environment (WHITE, 1989). The learning algorithm used as a target the 

stand volume from the field plots to adjust the AI tool whilst receiving the ALS metrics 

as inputs. Usually AI tools are not sensible to collinearity, normality or linearity. RF is 

not sensitive to the unit dimension as well.   

The NN is a mathematical model of the biological neuron. The input layer receives 

all available ALS metrics and the output layer returns the stand volume. All data 

involved was standardized (4.1) by: 
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𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑆𝑐𝑜𝑟𝑒 = 
𝑋𝑖 − �̅�

𝑠
 (4.1)  

where   = metric mean,  = i-metric value, and s = metric standard deviation. 

The neural network was set up with 30 neurons on the hidden layer. Input and 

hidden nodes computed the logistic function, and the output node computes linear 

function. The initial weights were set randomly, and no decay parameter was used. 

The supervised training of the neural network adjusted the weights by minimizing the 

squared error (ɛ) (4.2): 

𝜀 = |𝑦 − �̂�|2 2⁄  (4.2)  

where y the observed values and  is the NN output. 

During the NN learning process, the weights were adjusted to return a result as 

similar as possible to the training set and to dictate the relative influence of the 

variables. The variable importance in NN was determined by the deconstruction of the 

model weights as proposed by Goh (1995). A measure of importance was thus 

obtained for each of the ALS metrics with regard to stand volume. 

RF is a combination of a decision tree (i.e., a forest) with a value of a random 

independently sampled vector, and with same distribution for all trees in the forest 

(BREIMAN, 2001). RF used a series of binary rule-based decisions to indicate which 

particular tree is used as a specific data input. During random forest adjustment, if the 

error associated with splitting a single rule into multiple rules is lower than the error 

associated with using just a single rule, the regression tree will “branch out” and the 

tree will grow (GLEASON; IM, 2012). 

A script compiled using the statistical software R (R CORE TEAM, 2013) was 

used to set the RF parameters of random Forest library (LIAW; WIENER, 2002). RF 

was adjusted using the data from 600 trees, with the minimum size of terminal nodes 

corresponding to 5. The predictor variables were all available ALS metrics, but in 

contrary to the neural network, it was not necessary to scale them. During the 

supervised training, the algorithm adjusted multiple regression trees for different 

subsamples of the data set. The result is a combination average of all the trees. 

We used the notion of node impurity from RF to evaluate the variable importance 

(CUTLER et al., 2007). Every time a split of a node is made the impurity for the two 

descendent nodes is less than the parent node. With the addition of a new node, the 

impurity thus decreases for each individual variable in relation to all of the trees in the 
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forest and the relative variable importance is thus determined. For regression, the node 

impurity is measured by the residual sum of squares. 

The methods performance was assessed using ‘leave-one-out’ cross validation 

during training and the indicators root mean square error (RMSE) and relative RMSE 

(rRMSE) (4.3) and the bias (4.4) calculated by: 

𝑟𝑅𝑀𝑆𝐸 = 
√∑(𝑦𝑖 − 𝑦�̂�)2

𝑛
�̅�

∗ 100 
(4.3)  

 

𝑏𝑖𝑎𝑠 = 
∑(𝑦𝑖 − 𝑦�̂�)

𝑛
 (4.4)  

where is the observed value,  is the estimated value and  is the number of 

observations. We also used two graphic analyses to assess the performance: 

observed and predicted scatter-plots and bias histograms. 

 

The machine learning methods were compared to a regression model (RM) for 

volume estimation, adapted from Stephens (2012). Initially, the 104 ALS metrics were 

grouped if correlation was above 80% in absolute value. For each group, the metric 

which most strongly correlated to volume was assigned to represent it in further 

analyses. Finally, an exhaustive search was performed in order to find the best model 

derived from the reduced set of metrics. The search was limited to models composed 

by one or two explanatory variables. 

 

4.3 Results 

 

The estimation based on artificial intelligence tools used all 104 metrics extracted 

from ALS data sets to estimate stand volume, exempting both metrics selection and 

reduction. The RF and the RM presented an RMSE of 31.85 m³ ha-1 (13.1%) and 31.09 

m³ ha-1 (12.8%) respectively. The NN showed a higher RMSE then RM, equal to 50.23 

m³ ha-1 (20.7%). The bias calculated from all techniques resulted in a normal 

distribution, centered on zero (Figure 4.1). However, the RF bias distribution was lightly 

narrow then RM, and then NN.  
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Figure 4.1 - Bias histogram stand volumes as predicted by the ALS-based regression model (RM), the 

neural network (NN) and the random forest tool (RF) via ‘leave one out’ cross-validations 

 

Scatter plots of the observed stand volumes against the model estimations 

display and reinforce the larger deviations observed for NN in comparison to RF and 

RM (Figure 4.2).  

 

Figure 4.2 - Scatterplot of volumes as predicted by the ALS-based regression model (RM), the neural 

network (NN) and the random forest tool (RF) via ‘leave one out’ cross-validations 

 

The 104 ALS metrics were subsequently divided into 15 groups based on the 

correlation matrix, and the metric most strongly correlated to volume was assigned to 

represent each one of them (Table 4.2). An exhaustive search combined 15 metrics 

into every possible combination and then looked for the best model with no more than 

two explanatory variables. The best model to estimate the stand volume, based on 

adjusted coefficient of determination, was formed through using the HLSKW and 

HMODEF metrics together. 
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Table 4.2 - Co-linearity groupings of ALS metrics with the representative of each group and the 

correlation to stand volume in parenthesis 

Groups Metrics Representative 

1 HMAX, HKUR, HKURF, HMAXF, HL4, HL4F HL4F (0.72) 
2 HMEAN, HMODE, HL1, HP20, HP25, HP30, HP40, HP50, HP60, 

HP70, HP75, HP80, HP90, HP95, HP99, HSQ, HCUB, HMEANF, 
HMODEF, HL1F, HP20F, HP25F, HP30F, HP40F, HP50F, HP60F, 
HP70F, HP75F, HP80F, HP90F, HP95F, HP99F, HSQF, HCUBF, 

HMODEF 
(0.95) 

3 HSD, HVAR, HCV, HAAD, HL2, HSDF, HVARF, HCVF, HAADF, 
HL2F 

HSD (0.75) 

4 HIQ, HMADIAN, HLCV, HIQF, HLCVF HIQ (0.31) 
5 HSKW, HSKWF HSKWF  

(-0.11) 
6 HMADODE, HMADIANF, HMADODEF, HL3F, HL3 HL3 (-0.79) 
7 HLSKW HLSKW  

(-0.65) 
8 HP10F, HLKUR HP10F (0.44) 
9 HP01, HP01F HP01 (-0.38) 
10 HP05, HP05F, HP10 HP10 (0.22) 
11 CRR, CRRF CRRF (0.14) 
12 PFRA2, PARA2, ARA2FR, PFRA2F, ARA2FRF, PARA2F ARA2FR  

(-0.46) 
13 FRA2, ARA2, FRAM, FRAMO, ARAM, ARAMO, FRA2F, ARA2F, 

FRAMF, FRAMOF, ARAMF, ARAMOF, TFRF, TARF 
ARAMO  
(-0.39) 

14 PFRAM, PARAM, ARAMTFR, PFRAMF, PARAMF, ARAMTFRF PARAMF (0.52) 
15 PFRAMO, PARAMO, ARAMOTFR, PFRAMOF, PARAMOF, 

ARAMOTFRF 
ARAMOTFR  

(-0.36) 

 

The choice of linear model was based on the relation observed between HLSKW, 

HMODEF and stand volume (Figure 4.3). The bias histogram and the scatterplot did 

not show either homoscedasticity nor normality deviation. 

 

Figure 4.3 - Scatterplot between stand volume and the explanatory metrics HLSKW and HMODEF 

The ranking of each ALS metric for relative importance in estimating stand 

volume differed significantly between artificial intelligence tools (Figure 4.4). The 

positions of HMODEF and HLSKW, the two best metrics under RM methodology, were 
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first and 20th respectively in RF rank. For NN, the HMODEF was ranked as low as 18th 

place and the HLSKW rank was third to last. 

 

Figure 4 - Relative importance of the metrics within each artificial intelligence technique: neural network 

(NN) and random forest (RF) 

 

4.4 Discussion 

 

This study examined the performance of two artificial intelligence tools regarding 

the area-based estimation of stand volume in eucalyptus plantation forests. Their 

performance was compared to traditional methodology that uses regression models. 

The regression models require direct interaction and calibration from the modeler, 

since these models are built upon relationships and assumptions that are not always 

repeated in other data sets. During regression parameter estimation, the ordinary least 

squares (the most used method) minimizes the residual sum of squares, and it will 

always fit at least as well as, and generally better than, the true mean function. Any 

two data sets for which these are identical will therefore give the same fitted regression, 

even if a straight-line model is appropriate for one but not the other. In this study, the 

relationship of the strongest metrics (HLSKW and HMODEF) was linear with the stand 

volume and the residue did not show any deviation from normality or from apparent 
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homoscedasticity. However, several studies showed the need for transformation of the 

variables in order to meet some of the deviations mentioned above (NÆSSET, 2004).  

When the process of selecting and reducing variables is automated, the metrics 

chosen might not rely on biological assumptions and often differ completely between 

studies. The stand volume reflects the site quality and the stand density (CLUTTER et 

al., 1983). Traditional stand volume models are constructed upon the adoption of basal 

area as a measure of stand density and on dominant height as a measure of site 

quality. For example, a previous study developed in another eucalyptus plantation 

established HP90F and HP30F as the best predictors (ZONETE, 2009), which was not 

found to be the case in this study. 

The similarity between RF and the traditional RM method is very interesting from 

an implementation point of view. The RF does not contain assumptions (i.e. unity 

dimension, residual normality and homoscedasticity) and this feature allows it to work 

with all of the metrics without losing any information regarding variable selection and 

reduction. The NN performance was not as impressive as RF, but nevertheless still 

displayed interesting properties such as bias centered in zero.  

Regression techniques are the most frequently used method to estimate 

plantation forest attributes from ALS metrics. In a previous study in Brazil, the rRMSE 

was equal to 11.86% of a model built with HP10, HP50 and PARAH90 (including 

ground) (PACKALEN; MEHTATALO; MALTAMO, 2011). One studies in Spain found 

an RMSE of 53.6 m³ ha-1 to estimate stand volume for Eucalyptus globulus stand. In 

this study, the model had designated the height corresponding to the third tallest 

LiDAR-detected trees in the plots as an explanatory variable (GONCALVES-SECO et 

al., 2011).  

The AI tools have been also applied within temperate forests. The ability of 

artificial intelligence for predicting stand volume was tested for a natural forest in 

Germany, achieving an rRMSE of 23.3% in RF (LATIFI; NOTHDURFT; KOCH, 2010). 

When studying another forest dominated by Norway spruce (Picea abies) and Scotch 

pine (Pinus sylvestris), which together comprised 91% of total volume, the RF 

estimated the stand volume with an rRMSE of 17.1% to volume prediction in the best 

case (BREIDENBACH et al., 2010). The AI tools presented a lower RMSE when 

modeling vegetation height and canopy cover in the Kras region of Slovenia 

(STOJANOVA et al., 2010). RF and Support Vector Regression successfully predicted 

biomass in forest containing both coniferous and deciduous trees in Upstate New York 
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(United States). The best biomass prediction was performed by SVR with a rRMSE of 

18.1% (GLEASON; IM, 2012). 

It is important to overcome certain obstacles if aiming to adopt these AI 

techniques widely, especially related to the transparency of the modeling results. One 

good alternative is to assess the relative importance of explanatory variables. Allowing 

this interpretation is extremely important to ensure that the statistical technique in 

question is not driving the survey towards biologically incorrect and non-sensical 

information (KOZAK; AZEVEDO, 2011). Each of these tools has its own strategy to 

investigate the influence of variables during prediction. RF is an interesting alternative 

to the traditional regression methods, since it does not choose just a few metrics, and 

consequently avoids losing important information when predicting the variable of 

interest, while maintaining a similar level of performance. 

 

4.5 Conclusion  

 

Rather than being limited to a subset of ALS metrics in attempting explain as 

much variability in a dependent variable as possible, artificial intelligence tools explore 

the complete metrics set when looking for patterns between ALS metrics and stand 

volume. AI tools can easily be employed towards dealing with the problems inherent 

in estimating stand volume from an ALS data set via the use of a machine learning 

approach. This approach can be implemented through software, continuously learning 

patterns from processed data sets. This characteristic is especially interesting to an 

ALS approach where the cloud point can be distilled into a huge number of metrics, 

and where the relationships between forest parameters and ALS metrics vary widely. 
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5 CHARACTERIZATION OF FOREST TYPOLOGIES UTILIZING VERTICAL 

PROFILES DERIVED FROM AIRBORNE LASER SCANNING SURVEYS 

 

“In the end, it’s not the year in your life that count.  

It’s the life in your years.” 

Abraham Lincoln 

 

Abstract 

This article explores the use of airborne laser scanning (ALS) surveys to describe 
four different groups of forest typologies in Brazil, and the spatial dependencies related 
to the computation of canopy profiles. The Weibull distribution with two parameters 
was used to describe the profile of vertical heights for seven different forests, four 
native types: rupestrian fields, semi-deciduous, open ombrophilous and dense 
ombrophilous, plus three eucalyptus plantations (ages 3 and 8 years for one clone, 
and age 8 years for a second clone). Grid cell sizes were varied from 10 to 80 meters, 
and semivariograms were built to determine the cell size that resulted in adjusted 
distribution models with the lowest random errors. Simulation techniques were 
subsequently used to determine the minimum number of grid cells needed to define a 
reliable sampling intensity for each cell size. All combinations of forest typology (7 
typologies), grid cell size (8 sizes) were submitted to 1000 iterations of 6 sampling 
intensities. The Weibull parameters for the rupestrian fields and the eucalyptus 
plantations clearly assigned an exponentially shaped curve (shape parameter ≤ 1) for 
the cumulative density function (cdf) of the vertical profile. In contrast, the cdf curves 
for the semi-deciduous and the two ombrophilous forests have a sigmoidal shape 
(Weibull shape parameter greater than one). Differences between the savannah, 
native and planted forest profiles were evident. More subtle were the differences 
detected inside each group. Dense and open ombrophilous showed a subtle difference 
in the Weibull scale parameter. The main source of difference in the vertical profiles of 
the two eucalyptus plantations of the same age, but different clones, proved to be in 
the Weibull scale parameter. The inventory assessments for large areas of forest can 
benefit from the results observed in this study, as they should help in the development 
of recommendations for grid cell size and sampling intensity. The results also provide 
an abbreviated characterization (two parameters: shape and scale) of the vertical 
profile for the different typologies: open ombrophilous forest (shape = 1.78, scale = 
22.74 m), dense ombrophilous forest (1.84, 17.50 m), semi-deciduous forest (1.35, 
9.92 m), young eucalyptus plantation (0.86, 12.21 m), mature eucalyptus plantations 
(0.60, 12.45 m, and 0.79, 16.63 m) and rupestrian fields (0.45, 0.37 m). 
 

Keywords: Light Detection And Ranging; LiDAR; ALS; Canopy profile  
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5.1 Introduction 

 

The vertical canopy structure is one of the most important characteristics for the 

discrimination of different types of forest. This structure expresses functional attributes 

and processes related to tree growth, as well as reflecting disturbances impacting on 

different levels of the landscape: tree, population, community, and ecosystem 

(PARKER et al., 2004). 

An increase in the height of the trees causes modifications in the structure and 

microclimate within a forest, which together contribute to the development of more 

organized vertical structures. However, quantification of the vertical structure of a 

forest through in-field surveys has proven very difficult, requiring not only high levels 

of manpower, but also the production of data sets on a scale and with sufficient 

intensity to represent the area of interest (BAKER; WILSON, 2000). 

The use of remote sensing (RS) for forestry monitoring is not new, but continues 

to concentrate on the interpretation of optical images, principally obtained from 

satellites and aircraft. Although these images are able to provide data covering large 

areas for relatively low effort, the optical sensors have not proven effective in the 

monitoring of vertical structure, for they do not offer vertical penetration 

(VASTARANTA, 2012). Three-dimensional sensors, such as those based around the 

use of lasers and radar, do not suffer this limitation, and are gaining increasing 

attention. Montaghi et al. (2013) have found that airborne laser scanning (ALS) surveys 

are still focused on the determination of forest attributes quantification. Applications 

directed at ecological issues and the detection of ecological change are still rare, 

principally due to the low availability of laser overflights as a function of time covering 

large areas. 

Although airborne laser sensors would seem to be the ideal tool for the monitoring 

and mapping of forests, very little is currently known about the vertical signatures of 

different forest typologies (ASNER et al., 2012). A forest typology displays spatial 

structure, and robust sampling methods are required in order to detect different levels 

of spatial autocorrelation (GOSLEE, 2006). Many of the published studies that address 

forest ecology do not consider spatially dependent structure (DORMANN, 2007). 

Studies of forest typology must necessarily pass through four issues: (1) 

determination of the spatially dependent structure of the typology; (2) sampling 

optimization (scale of the sampling scheme); (3) interpolation and map construction; 
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and (4) estimation and inference (AUBRY; DEBOUZIE, 2000, 2001). In ecological 

surveys, the concept of scale refers principally to the components defining the 

sampling scheme (HE; LAFRANKIE; SONG, 2002), these are the size and shape of 

the sampling unit, and the distance between the sampling units (BELLEHUMEUR; 

LEGENDRE, 1998; DUNGAN et al., 2002). Geostatistics and simulation are the 

essential tools for the investigation of these issues. The term geostatistics is used to 

identify those statistical methods that provide descriptions of observations which 

present a continuous variation across space. As such, geostatistics models the spatial 

distributions, assigning a degree of dependence to the measurements based on 

distance and direction between the sampled points (VIOLA, 2007). 

It may be expected that laser surveys will become increasingly utilized for the 

monitoring of forest coverage. The ability of a laser sensor to penetrate into forest 

vegetation and to generate a high density of records assures the collection of 

information from the different strata composing a forest area, permitting the 

determination of the vertical profile on different scales. 

One fundamental task is to establish the relationships between the information 

furnished by an airborne laser sensor with the forest parameters obtained from 

traditional field inventories. Such relationships lie at the heart of the interpretation of 

the information extracted from a sensor, and addressing the impacts of spatial 

dependence and sample size on surveys obtained from laser sensors will permit the 

creation of sampling designs that are compatible between field and airborne surveys. 

The objective of this study was the characterization of the vertical profile of seven 

forest typologies through surveys with airborne laser instruments, the analysis of the 

spatial dependence of vertical profile parameters and the investigation of the effects of 

the sampling intensity. 

 

5.2 Materials and Methods 

 

The present study was performed for seven forest typologies, four corresponding 

to different biomes found in Brazil, and three to fast growing eucalyptus plantations. 

 

 

5.2.1 Study areas 
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Area 1 is located in the state of Pará (Figure 5.1 – location 1), and is currently 

managed by the Instituto de Floresta Tropical (IFT), a non-governmental organization. 

The area comprises an open ombrophilous forest, and constitutes a part of the 

Brazilian biome known as the Amazonian Rainforest. The terrain is gently undulating, 

with a predominance of latosols. There is a dry period, which lasts for more than 60 

days. Prevalent genera are Pouteria, Licania, Inga, Protium and Miconia (OLIVEIRA-

FILHO, 2000). It is common to find communities of vines covering these shrubs, 

especially in depressions in the landscape. 

Areas 2 and 3 are located within a conservation area in the state of Minas Gerais 

(Figure 5.1 – location 2), where the altitude is approximately 800 m (VELOSO et al., 

1992). For area 2, the vegetation is composed of secondary, seasonal semi-deciduous 

forest, typical of regions with a two-season climate pattern, which together with dense 

and mixed ombrophilous formations are among the forest typologies which make up 

the Atlantic Forest (VIANA, 1996). The climate has two distinct seasons: a tropical 

season with heavy summer rains followed by an accentuated drought, and a 

subtropical season provoked by the cool winters, when temperatures can be below 15 

°C. The areas of semi-deciduous forest are frequently associated with a transition 

between ombrophilous forest and open savannah, the Brazilian Cerrado (LEITÃO 

FILHO, 1987). The distribution of rains is the principal factor that distinguishes the 

ombrophilous and semi-deciduous forests (OLIVEIRA FILHO; FONTES, 2000). The 

proportion of deciduous trees within the semi-deciduous forests of the Atlantic Forest 

falls within the range 20 to 50 %. Families which are common and considered most 

representative of the seasonal semi-deciduous forests of the region are Myrtaceae, 

Fabaceae, Rubiaceae, Lauraceae, and Melastomataceae (OLIVEIRA FILHO; 

FONTES, 2000). 

Area 3 presents a distinctively Brazilian typology, known locally as 'campo 

rupestre', for which the literal translation is rupestrian field, the latter designation is 

followed in this work. This formation occurs at higher altitudes in the eastern region of 

Brazil, and rupestrian field areas are recognized as important centers of endemism for 

neotropical flora (GIULIETTI et al., 2000; CONCEIÇÃO; PIRANI, 2007). Veloso et al. 

(1991) have described the rupestrian fields as "plant refuges", for the plant species 

found in these areas are isolated, in the sense that they are completely distinct from 

the dominant flora found in the regions where these rupestrian fields are located. 

Souza et al. (2010) have associated rupestrian fields with the occurrence of surface 
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soils or quartzite outcrops which affect plant growth. The rupestrian fields found in the 

region which contains location 2 are situated in areas of transition between tropical 

savannah (Cerrado), semi-arid scrub forest (Caatinga) and the Atlantic Forest 

(VASCONCELOS, 2000), though they are commonly considered a component part of 

the Cerrado (SILVA; BATES, 2002; ALVES; KOLBEK, 2010). 

Area 4 is located in the state of São Paulo, within the Serra do Mar State Park, 

which is part of the Brazilian Atlantic Forest biome (Figure 5.1 – location 3). The 

vegetation corresponds to dense ombrophilous forest, characterized by the presence 

of phanerophytes, woody lianas, and an abundance of epiphytes. The principal 

features of the characteristic ecology of this part of the Atlantic Forest are directly 

related to the high temperatures (average of 25 °C) and the absence of a significant 

dry period, since rains are evenly distributed throughout the year. Due to the high 

availability of water, far greater structural complexity is found in comparison to 

seasonal semi-deciduous forests (OLIVEIRA FILHO; FONTES, 2000). The soil is 

predominantly formed of latosols with some cases of cambisols, both with low natural 

fertility. Families which are frequently found and so considered characteristic of such 

ombrophilous forest regions of the Brazilian Atlantic Forest are Myrtaceae, 

Melastomataceae, Rubiaceae, Fabaceae, and Lauraceae (OLIVEIRA FILHO; 

FONTES, 2000).  

Areas 5, 6, and 7 are forest plantations of fast growing trees in the state of São 

Paulo (Figure 5.1 – location 4). By definition, forest plantations are stands of trees 

artificially introduced into a given region, whose composition is represented by a unique 

species. Plantations are synonymous with high levels of human intervention, and are 

created for a specific market destination (FOX, 2000). In Brazil, forest plantations have 

the additional characteristics of rapid growth and short rotations. The prime genus is 

Eucalyptus, covering 5.1 million hectares, representing 70 % of the area given over to 

forest plantations. The eucalyptus clone P4295H was being raised in areas 5 and 6, at 

the time the data were collected the ages of the plantations were three and eight years, 

respectively. Area 7 also corresponded to a forest plantation with an age of 8 years, in 

this case made up of TC31H clones. For all three forest plantations, the planting grid 

was 3 m x 2 m, and the expected clear cut of eucalyptus plantation generally occur 

when the forest reaches 7 to 8 years old. 
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Figure 5.1 - Location of the study areas: 1 - open ombrophilous forest (area 1), 2 – semi-deciduous 

seasonal forest (area 2) and rupestrian fields (area 3), 3 – dense ombrophilous forest (area 

4), and 4 – forest plantations of rapidly growing eucalyptus (areas 5, 6, and 7) 

 

5.2.2 Airborne Laser Surveys 

 

The laser surveys of the seven study areas, representing the different typologies 

studied, were performed during three data gathering campaigns, with different 

equipment and operational parameters (Table 5.1). The three eucalyptus plantations 

(location 4 – areas 5, 6, and 7) were flown over in April 2012, the flight over the dense 

ombrophilous forest (location 3 – area 4) was conducted in September 2010, while the 

other overflights (location 1 – area 1, and location 2 – areas 2 and 3) took place in 

September 2009. 
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Table 5.1 - Areas covered by the surveys over the seven forest typologies, together with identification 

of the equipment used, the operating parameters for the sensor, and the flight plan 

Typology 
Area 
/ ha 

Equipment 

Parameters 

Sensor Flight 

PRF1/ 
/ kHz 

Scan 
frequency 

/ Hz 

Scan 
angle 

Overlap 
Height 

/ m 

Open ombrophilous 949.15 
ALTM 
3100 

50 25 10° 30 % 1500 

Rupestrian fields 22.79 
ALTM 
3100 

70 55.9 7.8° 30 % 1371.60 

Seasonal semi-
deciduous 

114.00 
ALTM 
3100 

70 55.9 7.8° 30 % 1371.60 

Dense ombrophilous 1170.31 
ALTM 
3100 

50 25 10° 30 % 1500 

Eucalyptus 
plantation: 
clone: P4295H, 
age: 3 years 

72.19 
RIEGL 

LMS Q680I 
200 30 30° 30 % 629.24 

Eucalyptus 
plantation: 
clone: P4295H, 
age: 8 years 

42.89 
RIEGL 

LMS Q680I 
200 30 30° 30 % 629.24 

Eucalyptus 
plantation.  
clone: TC31H, 
age: 8 years 

18.42 
RIEGL 

LMS Q680I 
200 30 30° 30 % 629.24 

1/ PRF = pulse repetition frequency 

 

5.2.3 Vertical profile 

 

The LiDAR (Light Detection And Ranging) point clouds for each of the seven 

typologies were normalized to digital models of the respective underlying terrain. The 

vertical profile for the whole area of each studied typologies was modelled by means 

of the two-parameter Weibull cumulative distribution function: 

 𝐹(ℎ) = 1 − [𝑒−(
ℎ

𝑠𝑐𝑎𝑙𝑒
)
𝑠ℎ𝑎𝑝𝑒

] (5.1) 

in which ℎ ≥ 0, and 𝐹(ℎ) = 0 for ℎ < 0 (BAILEY; DELL, 1973). 

The Weibull cumulative distribution (equation 5.1) function was selected for its 

ability to assume different forms. The shape parameter (shape) is dimensionless and 

by changing the value of shape, the Weibull cumulative distribution function can be 

used to model the cumulative distribution function of a wide variety of distributions, 

including normal and exponential. The scale parameter (scale) has the same units as 
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the variable (x) whose cumulative distribution is to be modelled; increasing or 

diminishing the value of scale for a given value of shape has the effect of widening or 

narrowing, respectively, the range of x values over which F(x) increases from ~0 to ~1. 

 

5.2.4 Spatial dependence and sampling unit size 

 

Eight raster files, comprised by a grid of regular cells ranging from 10 to 80 m, in 

equal intervals of 10 m, were created for each of the seven typologies, resulting in a 

total of 56 files (8 rasters  7 typologies). For a given typology, the two parameters 

(scale, shape) of the Weibull cumulative distribution function were estimated for each 

cell of each of the raster files. Starting from these cell values, semivariograms were 

computed for scale and shape for each raster file. The semivariogram of a random 

variable 𝑧 known at a set of locations 𝑥𝑖 comprises values for the semivariance of 𝑧 as 

a function of the distance 𝑢 between pairs of locations, where the semivariance of 𝑧 for 

distance 𝑢 is defined as one half of the variance of the differences between the 𝑧 values 

for pairs of locations separated by the distance 𝑢: 

 𝛾(𝑧; 𝑢) =
1

2𝑁(𝑢)
∑(𝑧(𝑥𝑎) − 𝑧(𝑥𝑎 + 𝑢))

2

𝑁(𝑢)

𝑎=1

 (5.2) 

where 𝑧(𝑥𝑎) is the value of 𝑧 at location 𝑥𝑎, and 𝑧(𝑥𝑎 + 𝑢) the value at 𝑥𝑎 + 𝑢, 𝑁(𝑢) is 

the number of pairs of locations separated by the distance 𝑢, so that the summation 

extends over all pairs of locations separated by the distance 𝑢 (OLIVER, 2010). For 

the present case, the locations corresponded to the centers of the cells making up the 

raster files. Low values for 𝛾(𝑧; 𝑢)indicate low spatial variability of the variable 𝑧, that 

is similarity between locations. 

In the presence of spatial stationarity, there is a relationship between the structure 

of the variances and covariances and that of the semivariance, which is given by the 

following expression: 

 𝛾(𝑧; 𝑢) = 𝜏𝑧
2 + 𝜎𝑧

2 × (1 − 𝜌𝑧(𝑢)) (5.3) 

in which 𝜏𝑧
2 is the nugget effect, 𝜎𝑧

2 is the partial sill, and the function 𝜌𝑧(𝑢) expresses 

the manner in which the semivariance approaches the semivariogram upper bound or 

sill, (𝜏𝑧
2 + 𝜎𝑧

2). The distance from the origin at which the semivariance reaches the sill 
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will be called the range of the semivariogram. The nugget effect (𝜏𝑧
2) represents the 

random component of the total variance (OLIVER, 2010). An empirical semivariogram 

(equation 5.2) can assume various forms, among the principal models, corresponding 

to different functions 𝜌𝑧(𝑢) in equation 5.3, are Gaussian, linear, exponential, and 

spherical. 

 

5.2.5 Sampling intensity and sampling unit size 

 

For a given forest typology and cell size (ranging from 10, to 80 m, in steps of 10 

m), n cells were selected at random 1000 times. The returns contained within the 

selected cells were concatenated, a height profile was generated, and values for the 

scale and shape parameters of the Weibull cumulative distribution function obtained. 

The n increased from 3 up to 10 % of the total number of cells (N) in the raster file, 

where N depended on the area surveyed and the cell size. 

At the end of each n-selection, the estimated values for the scale and shape 

parameters were compared against the values obtained when the returns of the entire 

area (N), and not only the n-cells, were used in the Weibull adjust. The Weibull 

cumulative distribution function generated from (scale(n), shape(n)), estimated from 

the returns for the n selected cells, was compared against that from (scale(N), 

shape(N)) using the Kolmogorov - Smirnov test(KS). The number of times that the KS-

test was not significant among 1000 iterations was expressed as percentage of 

adhesion of the sample (n) to the population (N). The adhesion of each n generated 

an adherence curve for each typology and each cell size. 

 

5.3 Results 

 

5.3.1 Vertical profiles of the topologies 

 

The cumulative distribution obtained from the heights of the returns is an 

expression of the vertical profile of a typology (Table 5.2). In this study of seven 

typologies, each typology presented distinct characteristics (Figure 5.2). The 

cumulative distribution curves can be described in terms of level of saturation and 

gradient. Saturation corresponds to the curve reaching its upper bound, which in the 
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case of a cumulative distribution is the value one. The gradient indicates the extent to 

which the value of the function changes in response to a change in the height of the 

canopy profile. 

 

Figure 5.2 - Observed cumulative distributions for the seven studied typologies 

 

The cumulative distribution for the rupestrian fields presented rapid saturation, 

showing that 96% of the returns were from heights below 5 m. For both of the 

ombrophilous typologies, the curves were sigmoidal; however, the dense typology 

presented a slightly more rapid approach to saturation than the open typology. The 

empirical cumulative distribution curve for the semi-deciduous forest is also sigmoidal, 

with a point of inflection located at a height of about 3 m, saturation has been 

approached by 20 m, where the distribution curve has reached 92.3 % of its upper 

bound. 

A cursory inspection of the curves for the three eucalyptus forest plantations 

shows that they do not present points of inflection, this immediately differentiates them 

from the curves for the ombrophilous and semi-deciduous forest typologies. There is 

also a clear difference from the curve for the rupestrian fields, as the approach to 

saturation occurs over a much greater range of heights. However, it is more difficult to 

discern differences between the three plantations. When the two plantations of the 

clone P4295H are compared (the difference is significant with p-value ~ 0.013) with 

the curve for the 8-year old plantation reaching the saturation quite slowly than the 3-

year old plantation. Comparing the curve for the 8-year old plantation of the clone 

TC31H with that for the plantation of the same age of P4295H, the most obvious 

differences are in the gradients of the curves at smaller heights (< 7.5 m), where the 

gradient for the clone TC31H is greater. 
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Table 5.2 - Cumulative Weibull distribution parameters describing the vertical profiles for the seven 

studied forest typologies, obtained from cumulative histograms generated using all the 

returns in the ALS surveys 

Typology Shape Scale (m) 

Rupestrian field 0.45 0.37 
Semi-deciduous 1.35 9.92 
Open ombrophilous 1.78 22.74 
Dense ombrophilous 1.84 17.50 
P4295H (3 years) 0.86 12.21 
P4295H (8 years) 0.79 16.63 
TC31H (8 years) 0.60 12.45 

 

5.3.2 Random component and sampling unit size 

 

The only typologies which presented semivariograms without a sill were the 

dense ombrophilous typology, for both the shape and scale parameters, and the 3-

year old plantation of the P4295H clone, for the scale parameter. All the other 

typologies presented typical semivariograms with a sill, for both the shape and scale 

parameters (Figure 5.3). 

The open and dense ombrophilous forests and the semi-deciduous forest 

presented steady decreases in the random variance (nugget effect) towards an 

asymptotic value as the size of the sampling unit was increased. This behavior was 

observed for both the scale and shape parameters. For the rupestrian field typology, 

the random variance at first fell with increasing cell size, passed through a minimum 

for a cell size of 60 m, before increasing again for the largest cell sizes. For the 

eucalyptus plantations, the form of the dependence of the random variance on cell size 

was less clear, though it did appear that there was a tendency for the random variance 

to decrease with increasing cell size, possibly towards a constant value. 

There was also evidence that the values for the sill of each of the semivariograms 

decreased towards an asymptotic value with increasing cell size. As for the nugget 

effect, this trend was less clear for the eucalyptus plantations than for the other 

typologies. The best cell dimensions to all the typologies fell between 30 and 60 m for 

the random variance and the sill. 
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Figure 5.3 - Scale and shape semivariograms for the seven studied forest typologies, per grid cell size 
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The analysis of the semivariograms for the open ombrophilous typology returned 

values for the range parameter which were invariant to the grid size: equivalent to 

1000 m for the Weibull scale parameter and 1600 m for the shape parameter. Cell size 

invariant estimates for the range parameter were also obtained from the scale 

semivariograms for the semi-deciduous typology and the 8-year old plantation of the 

eucalyptus clone TC31H: 400 m and 150 m, respectively. 

It has previously been established that some typologies could be grouped 

together on the basis of similarities between their vertical profiles, specifically the 

dense and open ombrophilous typologies formed one group, and the three plantations 

of eucalyptus clones another. Within group similarities were also apparent in the 

semivariograms and their properties. 

 

5.3.3 Sampling intensity and sampling unit size 

 

For all of the studied typologies, the adherence to the vertical profile obtained 

from the heights of all the returns improved as the sampling intensity increased (Figure 

5.4). With the exception of the rupestrian fields typology, the adherences converged to 

a value of approximately 90 % for all tested sampling unit sizes (10 m to 80 m), within 

the range of tested sampling intensities, which extended to 10 % coverage. For the 

rupestrian fields typology, convergence was not achieved through the unit sizes, and 

the best adherence (~ 80 %) was obtained for the combination of a sampling unit size 

of 10 m and a sampling intensity of 225 units (~10 % of the area covered by the ALS 

survey). With larger sampling unit sizes, although the adherence improved as the 

sampling intensity increased, none delivered an adherence of greater than 80 %. 

For the other typologies, the combinations of sampling unit size and sampling 

intensity that were sufficient to achieve at least 90% of adherence were identified, and 

the proportion of the total area of the ALS survey covered by the randomly selected 

cells evaluated. In the case of the semi-deciduous forest, convergence was achieved 

for sampling cell sizes of 10, 20, and 30 m, at sampling intensities equivalent to 8 % of 

the area covered by the ALS survey. For the dense and open ombrophilous typologies, 

combinations of sampling intensity and sampling unit size equivalent to 2 % of the 

surveyed area were sufficient to give convergence (adherence ~90 %), independent 

of the sampling unit size. The plantation of young eucalyptus (P4295H, 3 years) 
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presented convergence of the adherence to a level above 90 % for cell dimensions of 

10, 20, and 30 m combined with sampling intensities equivalent to  2 % of the 

population, for larger cell dimensions (40 to 70 m) greater sampling intensities 

(equivalent to  8 % of the area) were required to achieve convergence. For the mature 

plantations (P4295H, 8 years and TC31H, 8 years) convergence was not achieved for 

larger cell sizes:  50 m for P4295H and  40 m for TC31H. With smaller cell sizes, the 

sampling intensity necessary to achieve convergence depended on the clone. Thus, 

the clone P4295H presented convergence of the percent adherence for sampling 

intensities equivalent to  2 % of the area for cell dimensions of 10 and 20 m. Clone 

P4295H with cell dimensions of 30 and 40 m presented convergence for sampling 

intensities equivalent to  8 % of the area. The sampling intensities necessary to 

achieve convergence for the clone TC31H for cell dimensions of 20 and 30 m were 

equivalent to  5 % and  10 % of the area of the population, respectively. 
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Figure 5.4 - Convergence of the vertical profiles, expressed as percent adherence to the all returns 

profile, as a function of cell size and sampling intensity 

 

5.4 Discussion 

 

5.4.1 Vertical profile of the vegetation 

 

The cloud of points from an ALS survey represents the distribution in three 

dimensions of the returns coming from objects above the surface of the underlying 

terrain. In the case of the clouds analyzed in this study, these objects are elements of 

the vegetation, including leaves, stems, branches, and trunks. Our results show that 

there exist substantial variations in the vertical structure of the vegetation, permitting 

the identification of similarities and differences between the studied forest typologies. 
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The Weibull distribution function was utilized for the modelling of the vertical 

profile due to its flexibility, which makes possible the representation of a variety of 

asymmetric distributions. The Weibull function contains a scale parameter, which 

corresponds to the 63.2th percentile of the probability density distribution (MCCOOL, 

2012). In assessing vertical profiles, such as those examined in this work, the scale 

parameter can be used as a point of reference for describing the position (or height) of 

the profile. For comparison, in a normal distribution, the 50th percentile would indicate 

both the mean and the median of the distribution. 

Mean heights obtained in phytosociological surveys of the typologies studied in 

the present work are related to the scale parameter values we have estimated from 

ALS surveys. Valle et al. (2006) found, for the area of open ombrophilous forest at 

location 1, a canopy height varying between 25 and 35 m (scale parameter = 22.74 

m). Medeiros (2009) observed, in field measurements of plots of dense ombrophilous 

vegetation, that 70 % of the sampled individuals fell within height classes between 4 

and 11.9 m and reported the maximum sampled height as 29.9 m (scale parameter = 

17.50 m). In the survey conducted by Jacobi et al. (2008) for an area of rupestrian field 

close to the area covered by the ALS survey (location 2, area 3), it was identified that 

80 % of the individuals had heights below 25 cm, with a few individual trees rising to 

heights of 10 m (scale parameter = 0.37 m). In the same municipality, two areas of 

secondary forest of semi-deciduous typology, similar to that overflown at location 2 

(area 2), presented canopy heights varying between 12 and 16 m for one area, and 

between 9 and 11.5 m for the other (scale parameter for location 2, area 2 = 9.92 m). 

Macedo (2010) found a mean height of 22.19 m for 4-year old clonal plantations of 

eucalyptus on properties neighboring the plantations surveyed in this work (scale 

parameters: 12.21, 12.45, and 16.63 m). 

Within the long list of factors that are responsible for variations in the vertical 

structure, profile architecture, and floristic composition of plant communities, the 

following are recognized as important: the distribution and quantity of rain and the 

annual cycle of temperature changes (OLIVEIRA FILHO; FONTES, 2000), soil 

conditions and characteristics (RICKLEFS, 2001; ASSIS et al., 2011; HOFMOCKEL et 

al., 2011), natural and anthropogenic disturbances (CHAMBERS; SILVER, 2004; 

HIGUCHI et al., 2008; SHIELS et al., 2010), competition between individuals 

(COOMES; LINES; ALLEN, 2011), and the individuals composing the local area 

(URIARTE et al., 2004). 
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In natural forests, there is a common pattern as to how the trees fill the vertical 

spaces, which is not applicable to forest plantations, where the space and vertical 

structure are necessarily very homogeneous (ASNER et al., 2012). Once the vertical 

profile of a forest typology has been determined, procedures for the monitoring, 

mapping, and classification of the vegetation can be created, since the vertical profile 

is directly linked to the inferential processes applied to the distribution and 

quantification of the principal components of the canopy (LEFSKY et al., 2002; ASNER 

et al., 2012). The vertical structure contains information at a series of levels that reveal 

the state of development of the vegetation (LEFSKY et al., 1999), and is related to the 

height of the trees (LEFSKY et al., 2002). 

The height of a plant varies according to the species and its genetic 

characteristics, in association with various ecological factors (BOHLMAN; O'BRIEN, 

2006; VAN GELDER; POORTER; STERCK, 2006). The geomorphological and 

tectonic processes that occurred during the quaternary period played a fundamental 

role in soil formation, and so continue to be visible today in allometric relationships and 

through their influence on the vertical profile of the vegetation (FELDPAUSCH et al., 

2011). 

The theory of hydraulic limitation hypotheses that tree heights are limited by the 

availability of water, so that maximum tree height patterns should coincide with the 

spatial distribution of rains (RYAN; PHILLIPS; BOND, 2006). Thus, the distribution of 

rains is an influential factor in stratification and, therefore, on the vertical profile of a 

forest typology; for instance, the number of strata is larger when the number of dry 

months is smaller (LOPES; FERRAZ; ARAUJO, 2008). The species growing in more 

humid areas invest more resources in vertical growth in their search for light than 

species found in dry areas. The proportion of deciduous trees within different forests, 

which can be related to rain distribution, is a factor in determining the amount of light 

that penetrates through the canopy: with more deciduous trees, there is an increase in 

the amount of light. There is a consequent impact on the height profile: with more light 

(more deciduous trees), fewer individuals reach the highest strata than for 

ombrophilous forests. Examining the results obtained in the present study, these 

effects are reflected in the differences in the scale and shape parameters between the 

ombrophilous forests (shape = 1.78 and 1.84, scale = 22.74 and 17.50) the semi-

deciduous forest (shape = 1.35, scale = 9.92). 
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In this work, we have observed sigmoidal cumulative distributions, and 

consequently Weibull shape parameters > 1, for the forest typologies which naturally 

present greater vertical stratification. While, for less stratified forests, such as 

homogeneous plantations, there was no point of inflection in the cumulative distribution 

(Weibull shape parameter  1), so that the gradient of the cumulative distribution curve 

falls continuously with increasing height. For the rupestrian fields, the vegetation is 

dominated by plants of low stature, leading to low values for both the shape and scale 

parameters of the Weibull distribution. The extreme shallowness and low nutrient 

levels of the soil are significant factors distinguishing rupestrian fields from other plant 

habitats and accordingly determine the structure of the vegetation (BENITES et al., 

2007). 

The use of the Weibull function to characterize the vertical profile of each typology 

has permitted their differentiation based upon the cumulative probability distribution. 

This function has been shown to be the appropriate choice for the description of the 

vertical profiles of specific species and forest stands (COOPS et al., 2007; DEAN et 

al., 2009). The correlations between the parameters of the Weibull distribution and the 

structural attributes of a forest indicate that the laser returns have a predictive power 

(COOPS et al., 2009). 

Drake et al. (2002), in a study that compared a primary tropical forest with a young 

secondary tropical forest, have also perceived that LiDAR clouds are sensitive to 

differences in canopy structure. These authors have demonstrated the importance of 

establishing the relationships between the vertical profile and forest parameters in 

different ecosystems. Airborne laser scanning can be used not only to derive 

volumetric and gravimetric information about a forest, but also for evaluations of the 

canopy structure (COOPS et al., 2007). Although the profiles were equally effective for 

the estimation of biomass, Asner et al. (2012) found differences in the profiles between 

tropical forests in four regions of the world. As a consequence, a single generic model 

is unable to return results of the same quality as specific models adjusted to account 

for regional differences. 

 

5.4.2 Spatial dependence, sampling intensity and sampling unit size 

 

The determination of the size of the sampling cells and the sampling intensity has 

two fundamental implications. The first is related to the design and planning of the data 
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collecting flight, and the second to the collection of field data for the calibration of 

models linking LiDAR and field. For very large scale surveys, such as a national survey, 

it is not economically viable to conduct flights over the entire study area, instead some 

sampling scheme is demanded (WULDER et al., 2007). The second implication arises 

because airborne laser surveys have generally taken advantage of previously existing 

forest inventories, which were not planned with consideration for the spatial 

characteristics of laser data. 

The results obtained in this article reveal a spatial dependence for the 

parameters, which describe the vertical profile of the studied forest typologies, for it, 

has been found that their properties (nugget, sill and range) are directly influenced by 

the size of the sampling cell. Saatchi et al. (2011) observed spatial dependences of 

structural variables for mature and secondary forests in Panama; this high spatial 

variability was considerably reduced when the sampling cell size was increased. This 

disappearance of spatial variability occasioned by an increase in the size of the 

sampling unit has also been found by Clark and Clark (2000). 

The systematic division of the LiDAR cloud by the overlaying of grids permitted 

the investigation of the spatial behavior of the parameters that described the vertical 

profile for different cell dimensions. For two typologies (dense ombrophilous forest and 

a 3-year old plantation of the clone P4295H), the shape’s semivariograms did not 

converge to a sill, for these cases the maximum distance between the cells was not 

sufficient to stabilize the spatial dependence. For the typologies which presented 

semivariograms with a sill, convergence of the nugget effect and of the sill was 

obtained for cells sizes of 50 m  50 m and above. Working with cells that lead to lower 

random variance is recommended, since these larger cells determine the part of the 

total variance which is not explained by the spatial phenomenon. 

Environmental gradients regulate spatial variability and contribute to the 

aggregation of adult trees (MURRELL, 2009). Topography (BAGCHI et al., 2011), light 

(WRIGHT, 2002), water (ENGELBRECHT et al., 2007), and nutrients from the soil 

(JOHN et al., 2007) are regulators of spatial variability and species distribution, 

therefore, the spatial dependence of the arboreal component is dependent upon the 

environmental heterogeneity. The range was greatest for the open ombrophilous 

typology, 1000 m for the scale parameter of the vertical profile and 1600 m for the 

shape parameter. The semi-deciduous typology presented a range of 400 m for both 

parameters. For the rupestrian field, when smaller cell dimensions were utilized (< 30 
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m) the range was around 200 m, but with larger cells the range fell drastically. The 

forest stands in plantations presented ranges for the scale parameter which increased 

with increasing size of the sampling unit, for example the initial range (cell 10 m  10 

m) for the 3-year old plantation of the clone P4295H was 200 m, rising to 350 m for the 

largest cell size. The reverse trend was observed for the range of the shape parameter, 

in that the range decreased as the sampling cell dimension increased. Although it was 

possible to detect some similarities with the patterns displayed by the other typologies, 

the forest plantations did present some inconsistent points and a behavior that was 

sometimes chaotic. These anomalies were probably caused by the smaller areas of 

the plantation surveys (< 80 ha) compared to the natural forest surveys (> 100 ha), and 

the spatial discontinuities associated with the corridors of native vegetation that 

permeate the landscape. 

It is important to consider which factors that alter the dynamics of a forest, 

influencing the rates of mortality, recruitment, gain and loss of biomass, and the 

velocity of change, affect the spatial homogeneity of the structural components 

(KELLNER et al., 2011). Therefore, the spatial dependence of the vertical profile can 

be influenced by the degree of disturbance (natural or not) of the forest, which are able 

to modify the spatial organization of the structural components of the vegetation 

(CLARK et al., 1996; NICOTRA; CHAZDON; IRIARTE, 1999). 

The simulation of the sampling reinforces the view that it is not necessary to 

survey an entire area to determine the vertical profile of the area based upon LiDAR 

data. This corroborates the suggestion that large area surveys can be conducted 

through the planning of partial flights, for example by following the method discussed 

by Wulder et al. (2012). The adherence between the estimated parameters for a set of 

randomly selected cells and the parameters of the entire population converged, 

regardless of the size of the cells, as the sampling intensity increased. In some cases, 

convergence was achieved when the sampling intensity represented 2 % of the total 

area. In general, lower percentage sampling intensities for convergence were obtained 

for the typologies with greater forest coverage, in particular the ombrophilous 

typologies. While, for the rupestrian fields, which are composed of a large number of 

habitats in a complex mosaic (CARVALHO et al., 2012), higher coverage with the 

LiDAR sensor was necessary to obtain a better convergence index. 

The compatibility between ALS and field surveys permits the use of LiDAR 

metrics as high correlation secondary variables to improve the estimation of a primary 
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variable (TSUI et al., 2013). The use of airborne laser surveys for inventory 

construction, monitoring, and mapping of large areas is a consequence of the high 

correlation that has been found between LiDAR data and forest parameters such as 

biomass, volume, and basal area (REUTEBUCH; ANDERSEN; MCGAUGHEY, 2005). 

Gains may be possible when consideration of the spatial dependence observed in the 

semivariograms of the vertical profile obtained from LiDAR data is exploited in the 

design of field sampling. 

Although this work has demonstrated that it is possible to differentiate forest 

typologies by comparing their vertical profiles as derived from a LiDAR overflight, it is 

essential that the study is replicated using other locations. This further work will explore 

the range of variations in the vertical profile that may occur between locations for a 

single typology. 

 

5.5 Conclusions  

 

Knowledge of the characteristics that each typology will display when surveyed 

using a specific class of sensor is an essential step in the implementation of effective 

monitoring. This study has focused upon several highly important forest typologies, 

and shown that it is possible to differentiate the typologies through their vertical profiles 

as derived from airborne laser surveys. The size of the sampling cell does have an 

influence on the behavior observed in analyses of spatial dependence. Each typology 

has its own specific characteristics, which will need to be taken into consideration in 

projects targeting monitoring, inventory construction, and mapping based upon 

airborne laser surveys. The determination of a converged vertical profile could be 

achieved with data representing 10 % of the area for all typologies, while for some 

typologies 2 % coverage was sufficient. When the vertical profile results are combined 

with field information, it will be possible to determine the degree of spatial correlation 

between the attributes of a forest and ALS data. 
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6 CONCLUSIONS 

 

“It’s not so important who starts the game,  

but who finishes it.” 

John Wooden 

 

The capacity of a sensor to acquire three-dimensional information instead of 

traditional two-dimensional data has brought a completely new perspective to forestry 

mapping and monitoring. LiDAR is not the only source of three-dimensional data, 

although it is by far the most recommended system when it comes to technologies that 

are easier to operate and that produce results simple to interpret and useful for forest 

managers and researchers. 

The overall methodology applied to quantification of vegetation characteristics is 

somewhat consolidated, but certain concerns do persist within areas of the scientific 

community. This thesis aimed to deal with some of these concerns and to try to 

contribute some new results and insights. The key concerns addressed by this study 

are: the effect of threshold heights on the quality of the set of metrics; the mechanism 

by which selection of stable metrics can contribute towards the generation of reliable 

models between different data sets; the use of machine learning tools in estimating the 

wood volume of eucalyptus plantations from LiDAR metrics; and the differentiation of 

varying vegetation communities through vertical profiles derived from airborne laser 

surveys. 

The results revealed some interesting phenomena. The results presented in 

Chapter 2 demonstrated that the choice of threshold heights concerning the extraction 

of metrics could influence the set of metrics extracted from LiDAR data. Better metrics 

can be obtained if echoes from the canopy are separated from those that emanate 

from below the canopy. This separation is especially recommended for young stands, 

but has less influence in mature plantations. 

Chapter 3 presented metrics that could potentially be used to create transferable 

models that are based on ALS-derived metrics taken from multiple surveys of the same 

site on a particular date. The stability of these metrics at both plot and grid levels might 

contribute towards the generation of reliable models between different data sets. 

According to our results, height metrics provide the greatest stability when used in 

these models, specifically the higher percentiles (>50%) and the mode. 



 98 

Instead of being limited to just a subset of ALS metrics when attempting explain 

as much variability in a dependent variable as possible, Chapter 4 showed that artificial 

intelligence tools provide a reliable strategy to explore the existence of any patterns 

between ALS metrics and stand volume. These tools can be easily directed towards 

dealing with the problems inherent in estimating stand volume from an ALS data set 

when they are implemented through the use of a machine learning approach. Such an 

approach can be implemented through software, via continuous learning of patterns 

from processed data sets. This characteristic is especially interesting regarding an ALS 

approach where the point cloud can be processed into a huge number of metrics, and 

where the relationships between forest parameters and ALS metrics vary widely. 

Chapter 5 demonstrated that it is possible to identify various different vegetation 

communities through their vertical profiles as derived from airborne laser surveys. 

Determination of the vertical profile was able to be achieved with data representing at 

least 10% of the area, although for some typologies as little as 2% coverage was 

sufficient. 

The investigations of this thesis reveal that the ALS technology can be 

successfully applied to the quantification of vegetation characteristics, especially 

concerning forest formations. Several approaches can be identified, from classical 

parametric models up to nonparametric artificial intelligence tools. Whilst the former 

models function with little but the best possible metrics, the latter models look for 

patterns within a large amount of metrics. Not only should measures of accuracy and 

precision be considered as guides to the choice of ideal technique, but also the amount 

of data available, the model transferability and the available computational processing 

power. This study managed to differentiate between varying vegetation communities 

based on ALS data sets, paving the way for its usage in large classification and 

mapping projects. 
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List of computed height and density metrics 

 

Metric Description/Statistic 

Symbol for all 
returns 

(HM | AR) 

Symbol for first 
returns 

(HM | FR) 

Height Metrics (HM) 

Location “Center” 

Mean �̅� =
1

𝑛
∑𝑥𝑖  HME HMEf 

Quadratic mean √
1

𝑛
∑𝑥𝑖

2 HSQ HSQf 

Cubic mean √
1

𝑛
∑𝑥𝑖

3
3

 HC HCf 

Mode 𝑀𝑜 = Mostfrequentvalueindataset HMO HMOf 

Location “Percentile” 

Percentile 
Height separating lowest h% of data 

from remainder 
HPh HPhf 

Dispersion 

Standard Deviation √
1

𝑛 − 1
∑(𝑥𝑖 − �̅�)2 HSD HSDf 

Coefficient of 
Variation 

√ 1
𝑛 − 1

∑(𝑥𝑖 − �̅�)2

�̅�
 

HCV HCVf 

Skewness 

1
𝑛
∑(𝑥𝑖 − �̅�)3

(
1
𝑛
∑(𝑥𝑖 − �̅�)2)

3
2⁄

 HS HSf 

Kurtosis 

1
𝑛
∑(𝑥𝑖 − �̅�)4

(
1
𝑛
∑(𝑥𝑖 − �̅�)2)

2 − 3 HK HKf 
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Cover Metrics (CM) 

All returns differentiated by height (CM | AR) 

Percentage of all 
returns above a 
specified height 

𝑁(> ℎ𝑗)

𝑁
× 100 PARA2  

Percentage of all 
returns above the 

mean height 

𝑁(> ℎ̅)

𝑁
× 100 PARAM  

Percentage of all 
returns above the 

mode height 

𝑁(> 𝑀𝑜(ℎ))

𝑁
× 100 PARAMO  

Percentage of all 
returns above the 
specified height 
related to first 

returns 

𝑁(> ℎ𝑗)

𝑁1

× 100 AR2FR  

Percentage of all 
returns above the 

mean related to first 
returns 

𝑁(> ℎ̅)

𝑁1

× 100 ARMFR  

Percentage of all 
returns above the 

mode related to first 
returns 

𝑁(> 𝑀𝑜(ℎ))

𝑁1

× 100 ARMOFR  

First returns differentiated by height (CM | FR) 

Percentage of first 
returns above a 
specified height 

𝑁1(> ℎ𝑗)

𝑁
× 100  PFRA2 

Percentage of first 
returns above the 

mean height 

𝑁1(> ℎ̅)

𝑁
× 100  PFRAM 

Percentage of first 
returns above the 

mode height 

𝑁1(> 𝑀𝑜(ℎ))

𝑁
× 100  PFRAMO 

Percentage of first 
returns above the 
specified height 
related to first 

returns 

𝑁1(> ℎ𝑗)

𝑁1

× 100  FR2FR 

Percentage of first 
returns above the 

mean related to first 
returns 

𝑁1(> ℎ̅)

𝑁1

× 100  FRMFR 

Percentage of first 
returns above the 

mode related to first 
returns 

𝑁1(> 𝑀𝑜(ℎ))

𝑁1

× 100  FRMOFR 

 

 


