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Abstract 

Light detection and ranging (LiDAR) and high spatial resolution data combined with 

advanced statistical techniques have, within the last decade, contributed significantly to advances 

in the development of enhanced Forest Resource Inventories (FRI). The goal of this research was 

to explore how these data sources and statistical techniques could be utilized for predicting 

successional stages and species composition within a complex temperate forest ecosystem in 

Ontario.  This research also explored the possibility of generating tree lists from these same data 

sources that would forecast equivalent future forest conditions compared to in situ collected FRI 

data.  

For the characterization of vertical structure within forest stands a new LiDAR metric 

was developed, i.e., the Vertical Complexity Index (VCI). Logistic regressions were then applied 

to predict successional stages while boosted regression trees were adopted for the quantification 

of relative abundance of upper canopy species using LiDAR and high spatial resolution data. k-

Nearest Neighbor imputation was used for generating individual juvenile tree information from 

LiDAR whereas adult tree information was generated from: i) an individual tree crown (ITC) 

classification; and ii) from predicted stem density and species’ relative abundance. Successional 

stages were well predicted using LiDAR variables (i.e., VCI, Lorey’s height and standard 

deviation of height) with a classification accuracy (Khat) of 86%. Average prediction accuracy 

was 0.71 when LiDAR variables related to biotic and disturbance processes were included. 

Correlations between in situ and imputed juvenile tree information were moderate, ranging from 

0.50 to 0.69. Stem density model fit (adj. R
2
) was 0.51 for conifer and 0.74 for hardwood stands. 

As for generating adult tree lists, ITC significantly underestimated stem density while both 

approaches underestimated species composition.  
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This research clearly demonstrated that LIDAR variables that capture structural forest 

attributes can successfully be used to characterize structurally distinct successional stages and 

upper canopy species’ abundances in landscapes with limited topographical variation. Juvenile 

trees were more difficult to characterize with LiDAR variables as was the ability to generate tree 

lists. However, this research provides insights how to advance the characterization of juvenile 

trees and develop tree lists from LiDAR and high spatial resolution data. 
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Chapter 1 

Introduction 

 

Forests cover approximately one third of the world’s land surface (FAO, 2005) with ten 

percent of this forest cover (approximately 350 million hectares) located within Canada (NRC, 

2014). Because of the importance of forest ecosystems in the context of carbon and nutrient 

budgets, biodiversity conservation and the provision of various goods and services to society, 

management of these forests needs to be able to accommodate these diverse demands in a 

sustainable manner. Forest resource inventories (FRIs) often form the basis for sustainable forest 

resource management, for monitoring the current state of forest ecosystems, and forecasting 

future forest ecosystem conditions (Husch et al., 2003). The latter, i.e., the prediction of long-

term forest dynamics, is becoming increasingly important in the context of climate change, 

biodiversity loss and large-scale disturbances (e.g.,  wind throw, insect outbreaks and forest 

fires) (Fontes et al., 2010). Within the last decade FRIs have undergone significant changes in 

how they are created by using new technological approaches and enhanced applications that 

include ecologically relevant information such as ecological site types and other ecosite 

information  (Pokharel & Dech, 2011; Woods et al., 2011).  

In terms of technological advances, much research has focused on supplementing and 

enhancing FRIs using Light Detection and Ranging (LiDAR) data (Lefsky et al., 1999; Næsset, 

2002; Woods et al., 2008) in combination with advanced statistical techniques to extract 

individual tree and forest stand level information (e.g. Gougeon, 1995; Moeur & Stage, 1995;  

Hyyppä et al., 2001). These technological advances may allow for improved spatial accuracy and 
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precision and precise quantification of forest ecosystem structure. Moreover, they provide a 

means of scaling measurements across multiple spatial scales of observation (i.e., across tree, 

plot, landscape and regional levels) by providing information from airborne as well as satellite 

systems with a range of spatial resolutions and provide a synoptic perspective, coverage of 

inaccessible areas, and the capacity for repeat measurements. 

 

1.1 Forest Structure 

 

Forest ecosystems are often described by their structure, which refers to the three-

dimensional (3D) organization of forest communities, i.e., the vertical and horizontal 

arrangements of plants. The vertical structure relates to the distribution of vegetation as a 

function of height above ground and is a consequence of variation in growth forms and age 

(Kimmins, 1987; Zimble et al., 2003). There is often an emphasis on the vertical structure of the 

overstory, which can be subdivided into dominant, co-dominant, intermediate and suppressed 

trees, as it contains information on the stage of plant community succession and canopy function. 

Vertical structure is also of interest for fire behavior and habitat modeling (Riaño, 2003; Vierling 

et al., 2008; Goetz et al., 2010; Vogeler et al., 2014). The horizontal structure is generally related 

to species composition (both occurrence and abundance) and their spatial distribution over the 

landscape (Wulder & Franklin, 2003). Forest structure is not only determined by these biotic 

forest components and their interactions, but also by abiotic conditions such as climate, soil 

moisture and nutrient regimes, which – in turn – are influenced by the variability in the 

geophysical features of the landscape (such as drainage patterns, slope/aspect and soil types). 
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The structural attributes that are generally of interest in enhanced forest resource 

inventories (eFRI) are many and include: species composition, tree height and mean diameter at 

breast height (DBH), canopy complexity (crown closure and foliage distribution), stand age and 

development stage (succession), leaf are index (LAI), stem density, basal area, timber volume 

and biomass (Franklin, 2001; Wulder & Franklin, 2003). These variables are often related; e.g., 

DBH and tree height can be used to predict biomass and volume (Aldred & Alemdag, 1988; 

Avery & Burkhart, 2002); species composition, stem density, frequency distributions of stand 

DBH, tree height and age may indicate stand development stages (Oliver & Larson, 1996), 

foliage distribution is used to calculate LAI which is closely tied to photosynthesis; and both 

foliage distribution and stem density control light, thermal and moisture conditions in the canopy 

(Parker, 1995).  

The most fundamental changes in structure occur during succession, where species 

composition and/or the 3D architecture of the plant cover for a specific place changes through 

time (Leuschner, 2005; Pickett & Cadenasso, 2005). In terms of structural changes during 

succession, vertical stratification may range from a single layer to two or more distinctive layers 

to a forest stand without distinct layers, i.e. from stratified to complex (Oliver & Larson, 1996). 

Horizontal diversification also occurs throughout stand development, e.g., gap creation and 

expansion occurs mostly in the later stages of succession (Franklin et al., 2002). These structural 

changes generate substantial spatial variability in environmental conditions within the stand (e.g. 

light transmission, stem density, LAI, crown closure, and basal area will undergo changes 

(Franklin et al., 2002)). 
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1.2 Remote Sensing of Forest Structure 

 

Passive optical and active remote sensing systems can be used to characterize and extract 

forest structural variables required for eFRIs. Passive optical remote sensing systems (airborne 

and spaceborne) measure solar radiation that is reflected from vegetation and other surfaces and 

use this information to extract relevant forest structure variables. A major issue of measuring 

forest structure with passive optical remote sensing is that the spectral response from the 

vegetation is predominantly from the dominant upper canopy tree species (Vauhkonen et al., 

2014). Spectral responses from tree species below the upper canopy layer and the understory 

vegetation are more difficult or sometimes impossible to obtain. Active remote sensing systems 

(such as LiDAR), on the other hand, transmit an energy pulse and record the energy reflected 

back to the sensor from the target(s). The energy emitted from an active sensor does have the 

ability to penetrate the canopy and may therefore capture structural information of the entire 

vegetation column (Lefsky et al., 1999; Lim et al., 2003).  

LiDAR measures the distance, or range, between the sensor and object surface. This is 

computed as the product of the speed of light (3 x 10
8
 m/s) and the time the pulse needs to travel 

from the sensor to the target object and back (Wehr & Lohr, 1999). This distance can be 

determined using one of two main methods: i.e., the time-of-flight or continuous wave methods. 

In the time-of-flight method the distance is calculated by the travel time of a short duration pulse. 

This pulse is transmitted by the laser and, after it has interacted with a surface/object, a portion is 

being returned to the sensor (Næsset et al., 2004; Petrie & Toth, 2008). When using the 

continuous wave method, the laser transmits a continuous, phase modulated, beam rather than a 

short duration pulse and the range value is derived by measuring the phase difference between 

the emitted beam and received phase of the reflected light (Petrie & Toth, 2008). This difference 
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in determining distance affects how each method samples 3D forest structure. Discrete return 

systems, using the time-of-flight method, record one or multiple returns (first and/or last or up to 

approximately five returns with current sensors) and often have small footprints. Vertical forest 

structure information, in this case, is dependent on the number of LiDAR returns, whereas 

horizontal forest structure information depends on beam divergence and pulse sampling density 

(Lim et al., 2003). Full waveform systems, using the continuous wave method, record the 

amount of energy that is returned to the sensor across a series of equal time intervals and often 

have larger footprints (Lefsky et al., 2002; Lim et al., 2003). Both systems, however, transmit 

wavelengths that range between 0.90 – 1.064 µm which coincides with the wavelengths of peak 

vegetation reflectance, hence facilitating the use of LiDAR for forest applications (Lefsky et al., 

2002).  

In terms of methodological approaches that are used to extract forest resource 

information from LiDAR and optical imagery, two broad categories can be distinguished 

(Breidenbach et al., 2010a). Area-based approaches (ABA; Næsset, 2002) use a range of 

statistical algorithms to predict forest stand properties, i.e., the mean or total values of forest 

variables measured per unit area, based on the empirical relationship between these properties 

and a host of LiDAR derived variables (e.g., Næsset, 2002; Morsdorf et al, 2006; Woods et al., 

2008; Breidenbach et al., 2010b). Individual tree crown approaches (ITC; Gougeon, 1995) 

segment high spatial resolution imagery or LiDAR data into tree crowns and subsequently 

estimate individual tree properties (e.g., Hyyppä et al., 2001; Leckie et al., 2003; Popescu et al., 

2003; Reitberger et al., 2009). Not all forest inventory variables can be quantified with either 

approach. For example, species abundance, as a measure of species composition, and stand 
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development stages associated with succession, are forest properties that cannot be quantified at 

the individual tree level; they require ABA.       

 

1.2.1 Vertical Stand Structure 

 

Vertical stand structure is difficult to extract from passive optical remotely-sensed data as 

these data cannot fully capture 3D forest structure (Wulder et al., 2004). In addition, some of this 

forest structural information has no direct physical relationship with the spectral response 

recorded by the sensor but may have indirect relationships with LAI, biomass or vegetation 

cover (Boyd & Danson, 2005). Hence, studies that have attempted to correlate these forest 

structural variables to optical imagery have reported varying levels of success (Aplin, 2005; 

Wulder et al., 2004). Cohen & Spies (1992), Cohen et al. (1995) and Hansen et al. (2001) 

observed a relationship between various stand age and structure conditions (as measured by their 

field measurements to give a Structural Complexity Index) and the Landsat TM Wetness index. 

Others have used vegetation indices (e.g. normalized difference vegetation index; NDVI), 

moisture indices (e.g. normalized difference moisture index; NDMI), and other components of 

the Tasseled Cap transformation to detect forest disturbances and subsequent forest growth and 

succession (e.g., Healey et al., 2005; McDonald et al., 2007; Song et al., 2007; Veraverbeke et 

al., 2011). Meanwhile, LiDAR has proven to accurately capture 3D forest structural information, 

specifically tree and/or canopy height (important structural variables determining light 

interception and inter-tree competition (Koukoulas & Blackburn, 2005; Spurr & Barnes, 1980)). 

Examples from discrete and full waveform systems, include the use of LiDAR for the retrieval of 

critical fire behavior parameters (Mutlu et al., 2008; Riaño, 2003), the quantification/mapping of 
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upper canopy and understory characteristics (Maltamo et al., 2005; Hill, 2007; Popescu & Zhao, 

2008; Whitehurst et al., 2013), habitat characterization (Hyde et al., 2006; Goetz et al., 2007; 

Estes et al., 2010; Goetz et al., 2010;), and the  assessment of forest structural complexity and 

forest successional stages (Falkowski et al., 2009; Kane et al., 2010). Other LiDAR research has 

focused on the horizontal diversification of forest stands, i.e., canopy gap detection and its 

changes over time using Canopy Height Models (CHM) (e.g. Koukoulas & Blackburn, 2004; 

Vepakomma et al., 2008; Vehmas et al., 2011; Vepakomma et al., 2011) and point-cloud-based 

techniques (Gaulton & Malthus, 2010). 

 

1.2.2 Species Composition 

 

A large part of the remote sensing literature has focused on the extraction of information 

related to species composition from optical imagery. The image classification techniques used 

are often based on developing deterministic relationships between the spectral reflectance in 

specific bands of the imagery and the species or community composition (Jensen, 2005), with the 

underlying assumption that each vegetation type exhibits a unique multispectral signature 

(Wulder & Franklin, 2003). However, this has proven to be limited by spectral similarities found 

within plant communities (Franklin & Woodcock, 1997). High spatial resolution imagery is often 

used for FRI purposes but comes with its own challenges in terms of classification procedures. 

Due to the spectral variability found within (and between) objects in high spatial resolution 

imagery (e.g., tree crowns), per-pixel image classification - commonly applied to low and 

moderate resolution sensors - does not typically perform well (Wulder et al., 2004). Spectral end-

member analysis (Ustin et al., 2004), object-based image analysis (OBIA; (Blaschke et al., 
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2000), ITC spectral signature-based classification (Fournier et al., 1995; Gougeon, 1995;  

Culvenor, 2003) inter-annual multi-temporal analysis (Boyd & Danson, 2005), and the use of 

contextual and textural information (Zawadzki et al., 2005; Johansen et al., 2007) are among the 

more recently developed techniques to improve high spatial resolution image 

classification/analysis.  

Based on a review of the current literature, Vauhkonen et al. (2014) concluded that a 

combination of different sensors, i.e. multispectral or hyperspectral imagery and LiDAR, may be 

better suited to extract tree species composition information than either of these sources alone, 

especially in multi-species forest conditions. LiDAR and optical remotely-sensed data are highly 

complementary, with each capturing different aspects of the vegetation, i.e., canopy structure and 

vegetation cover respectively (Koukoulas & Blackburn, 2005; Hudak et al., 2008). Hence, there 

is a strong focus on how to integrate optical imagery with LiDAR data, e.g. through the 

development of new sensor technologies, and higher geometrical precision of the data sensors 

(Pitt & Pineau, 2009; Vauhkonen et al., 2014). 

Whereas optical imagery relies on image classification techniques that are based on the 

distinctiveness of spectral responses from various vegetation types, species composition 

information extraction from LiDAR data is typically based on the statistical, height, density, and 

other metrics derived from the LiDAR data and/or the intensity data (discrete return LiDAR), or 

waveform characteristics (e.g. width, amplitude and intensity of the echo) for full waveform 

LiDAR (e.g. Jones et al., 2010; Ke et al., 2010; Heinzel & Koch, 2011; Ørka et al., 2013). With 

the ability to incorporate large numbers of predictor variables derived from LiDAR and optical 

data sources, however, there is also more of a need to employ variable reduction strategies to 

reduce data dimensionality and improve prediction success (e.g. Ørka et al., 2009; Packalén et 
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al., 2012). Statistical techniques used to extract species composition information in any of these 

studies range from relatively simple linear classification techniques, for species information 

extraction in forest ecosystems with only a few tree species, to non-linear, non-parametric, and 

machine learning techniques (e.g. support vector machine (SVM), nearest neighbor (NN), 

Random Forest (RF) and boosted regression trees (BRT)) in more complex forest ecosystems 

with many more tree species. For ABA and ITC, there remains a significant challenge to obtain 

accurate results for minor tree species, i.e., those species located beneath the dominant/upper 

canopy (Packalen et al., 2009; Vauhkonen et al., 2011; Vauhkonen et al., 2014), and young trees 

(Bollandsås et al., 2008). LiDAR returns from the lower layers in the canopy tend to be scarce 

and noisy. Scarce because the majority of LiDAR returns are coming from the upper canopy 

layers (Bollandsås et al., 2008; Næsset, 2004), and noisy because LiDAR returns from lower 

canopy layers may also be influenced by shrub species and protruding rocks, etc. (Nilsson, 

1996).  

 

1.3 Study Area 

 

The study area is the Petawawa Research Forest (PRF) (45
o
 57’ N, 77

o
 34’ W) which 

encompasses approximately 10,000 ha and is situated along the Ottawa River, northwest of 

Ottawa, Canada (Figure 1.1). It lies within the Great Lakes – St. Lawrence Forest Region, one of 

the four forest regions within Ontario and is second in terms of species richness. Forests in this 

region are managed with a wide range of silvicultural practices and systems (Woods & 

Robinson, 2008).  
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The overstory of the mixed mature forest in the PRF is characterized by eastern white 

pine (Pinus strobus L.), red pine (Pinus resinosa Ait.) and jack pine (Pinus banksiana Ten.) on 

dry, nutrient-poor sites, and trembling aspen (Populus tremuloides Michx.) and white birch 

(Betula papyrifera Marsh) on dry to mesic upland sites. Tolerant hardwood species such as sugar 

maple (Acer saccharum Marsh) and red maple (Acer rubrum L.) are present on dry to mesic, 

nutrient-rich uplands. Red oak (Quercus rubra L.) may be present on upper, south- and west-

facing slopes with shallow soils while shade-tolerant conifers, such as eastern hemlock (Tsuga 

canadensis L.) are largely associated with lake shores, valley bottoms and north- and east-facing 

slopes (Carleton, 2003; Watkins, 2011).  

 

 

Figure 1.1 The study area (Petawawa Research Forest) located within the Great Lakes – St. 

Lawrence Forest Region, Ontario, Canada. 
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1.4 Motivation for Research 

 

This thesis encompasses three studies that explore how remotely-sensed data, and in 

particular LiDAR data, can contribute to the characterization and quantification of horizontal and 

vertical forest structure, i.e., species composition and successional stages of stand development 

in a temperate complex forest ecosystem. All three studies attempt to determine which LiDAR 

derived variables are important for the characterization and quantification of forest structural 

variables and provide insight as to why this might be the case. Furthermore, the studies 

demonstrate how species composition information derived from LiDAR and optical data may be 

used to generate tree lists for empirical forest growth models. Hence these studies not only 

extend the utility of LiDAR and optical data for creating eFRIs but also explore their potential 

utility for modeling future stand development.   

 

1.4.1 Research Objectives 

 

Research objective 1: To develop a LiDAR derived variable that captures the vertical 

complexity of forest stands and to evaluate the use of this index to classify forests into distinct 

successional stages. 

This objective contributes to the current remote sensing literature through the 

development of a LiDAR variable that quantifies vertical complexity differences in forest 

structure that are linked to the different vertical stand structures associated with general stages of 

stand development during succession as described by Oliver & Larson (1996). The use of 

classification schemes describing stages of stand development and forest stand dynamics is 

useful in terms of how remote sensing can contribute to understanding succession (Oliver & 
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Larson, 1996; Spies & Franklin, 1996). According to Oliver & Larson (1996) one can discern 

and characterize four general stages of stand development in forest ecosystems that have 

developed over time from a stratified to a complex stand structure. Chapter 2 demonstrates that 

the use of this new LiDAR based index, together with existing LiDAR height and density 

metrics, allows for the identification and prediction of multiple stand development stages in a 

temperate mixed mature forest.  

 

Research objective 2: To identify and quantify the contribution of optical imagery and LiDAR 

derived canopy variables (as proxies for biotic and disturbance processes such as competition for 

light), and LiDAR derived terrain variables (as proxies for abiotic processes such as 

temperature), for predicting fine-scale tree species abundance patterns of the dominant tree 

species in a temperate mixed mature forest.  

 Species distribution and abundance patterns across the landscape vary due to changes in 

abiotic as well as biotic conditions and disturbance processes. Depending on the scale of the 

investigation and topographic variation on the landscape these conditions and processes may 

differ in the influence that they exert on species distribution/abundance patterns (Meier et al., 

2010). This objective addresses (in Chapter 3) the challenge of how to incorporate biotic and 

disturbance processes in models that predict species abundance patterns over landscapes with 

little topographic variation.   

 

Research objective 3: To assess the utility and quality of individual tree-level data, i.e., tree 

lists, generated from LiDAR and optical imagery as inputs for empirical forest growth models.    
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Empirical forest growth models rely on accurate input data that encompass the entire 

range of tree species present within the area to be modeled; i.e., from dominant species in the 

upper canopy to young tree species in the understory, and including accurate descriptors to 

model tree height, diameter and volume (Fontes et al., 2010). This objective deals with the 

challenge of how to derive these tree lists using both LiDAR and optical imagery, by comparing 

ABA and ITC approaches. Chapter 4 demonstrates that a k-NN approach for the imputation of 

young trees may solve for the underestimation of tree species below the upper canopy layers.    
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Chapter 2 

Characterizing Forest Succession in Central Ontario using LiDAR derived 

Indices 

 

Abstract 

 

This study investigates the potential of discrete return light detection and ranging 

(LiDAR) data to characterize forest succession in a mixed mature forest in central Ontario using 

indices applied to the LiDAR point cloud. Derived indices include statistical indices, predicted 

Lorey’s height (R
2 

= 0.86; RMSE = 2.36 m) and quadratic mean diameter-at-breast-height (R
2 

= 

0.68; RMSE = 1.21 cm), canopy density indices and an information theory based complexity 

index. To assess how well these indices are able to capture the vertical structure of forest stands, 

they are compared to Oliver and Larson’s (1996) four stages of forest stand development. Best 

subsets regressions indicated that no single index is able to separate all four stages adequately. 

However, the predicted Lorey’s height index is optimal for separating early from mid succession 

stages (p < .0001) and a combination of height and complexity indices, i.e. the standard deviation 

of height and the vertical complexity index (VCI), performed best to discriminate between mid 

and late succession stages (p < .0001). 
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2.1 Introduction 

 

Forest structure can be used to characterize forest ecosystems and species-habitat 

associations, and to provide information on various ecosystem functions such as productivity. 

Forest structure is determined by biotic forest components such as species diversity, 

composition, age and seral stage, but also by abiotic factors such as moisture and nutrient 

regimes which – in turn – are determined by variability in the geophysical features of the 

landscape such as drainage patterns, slope, aspect and soil types (Zimble et al., 2003). In terms 

of successional processes and their influence on structure, Oliver and Larson (1996) provide a 

synthesis of forest stand development from a stand structural perspective, which shows that 

forest ecosystems commonly develop from a stratified to a complex stand structure. This 

synthesis of forest stand structure dynamics is useful in terms of how remote sensing can 

contribute to our understanding of successional processes but also how the quantification of 

forest stand structure (i.e. succession) can fit within a forest vegetation classification framework, 

be implemented in a forest resource inventory, or used in habitat analyses and biomass 

estimations.  

According to Oliver and Larson (1996) one can discern and characterize four general 

stages of stand development in forest ecosystems. The stage immediately following a major, 

allogenic disturbance is the stand initiation stage where new vegetation becomes established and 

fully occupies the disturbed site. The stem exclusion stage follows and is mainly characterized by 

competition among the dominant trees. The species’ inherent differences affect competition and 

consequently, stand structure. If some dominant trees die and this space is captured by 

understory species, especially advanced regeneration of some tree species, the stand enters the 

understory re-initiation stage, during which stand structure becomes more complex. In the last 
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stage, known as the old growth stage, autogenic and gap-replacing processes create patches large 

enough for stand initiation to begin (Oliver and Larson, 1996; Wulder and Franklin, 2007). 

Hence, depending on the seral stage of the forest stand, the vertical stratification of forests can 

range from a single layer to two or more differentiable layers to a forest stand without distinct 

layers, i.e., complex. 

Optical remote sensing techniques used to classify forest vegetation often base their 

separation of vegetation classes on the distinctiveness of spectral responses from various 

vegetation types. However, vertical stand structure, indicative of the seral stage of the vegetation, 

is more difficult to incorporate since passive optical remotely-sensed data cannot fully capture 

three-dimensional forest structure (Wulder et al., 2004). Many studies have attempted to 

correlate forest structural variables (e.g., crown closure, density, DBH, height, basal area, 

volume, stand age) to optical imagery but have reported varying levels of success, largely 

attributed to the various sensor characteristics, image processing techniques, site conditions, etc. 

(Wulder et al., 2004; Aplin, 2006). For instance, Cohen and Spies (1992) applied a Principal 

Component Analysis (PCA) on selected stand parameters (derived from field measurements) to 

derive a Structural Complexity Index (SCI) for comparison to the Landsat TM Wetness index.  

They (and others) observed a relationship between wetness values and various stand age and 

structure conditions (as captured by SCI) (Cohen et al., 1995; Hansen et al, 2001).  

Active systems such as light detection and ranging (LiDAR) have greater utility for 

capturing three-dimensional forest structure (Lefsky et al., 1999; Lim et al., 2003). Various 

discrete return LiDAR studies have characterized vertical forest stand structure using tree height 

variance and other height metrics, voxels (3D pixels), height bins, height distribution probability 

functions, modified canopy volume approaches, histogram thresholding and cluster analysis (e.g. 
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Riaño et al., 2003; Zimble et al., 2003; Blaschke et al., 2004; Lee et al., 2004; Maltamo et al., 

2005; Coops et al., 2007; Hill, 2007; Mutlu et al., 2007; Barilotti et al., 2008; Popescu and Zhao, 

2008; Vierling et al., 2008; Wang et al., 2008; Falkowski et al., 2009). For instance, tree height 

variance can distinguish single- from multi-layered stands (Zimble et al., 2003; Blaschke et al., 

2004). However, the variation within multi-layered and complex stands may not be suitably 

characterized. Histogram thresholding methods (Maltamo et al., 2005; Hill, 2007; Barilotti et al., 

2008) and cluster analysis (Riaño et al., 2003) have also been used to distinguish single from 

multi-layered stands. Falkowski et al. (2009), on the other hand, used a variety of LiDAR-

derived height metrics in conjunction with an algorithmic modeling procedure (the Random 

Forest algorithm (Breiman, 2001)) to differentiate between six successional stages. Height bins 

have been used to classify surface wildfire fuel (Mutlu et al., 2007), extract individual tree height 

and crown diameter measurements (Popescu and Zhao, 2008) and analyze vertical biomass 

distribution (Vierling et al., 2008). Lee et al. (2004) and Wang et al. (2008) used voxels to 

respectively link stand dynamics to carbon sequestration and construct 3D models of forest 

stands and individual tree crowns. Coops et al. (2007) used a modified canopy volume approach 

based on canopy volume profiles from full waveform LiDAR (Lefsky et al. 1999) to examine 

and model three dimensional canopy structure. Full waveform LiDAR applications that 

characterize vertical forest structure include: canopy volume profiles (Lefsky et al., 1999); 

vertical distribution ratios (VDR) using canopy height (CH) and the height of median energy 

(HOME) (Goetz et al., 2007); canopy complexity (COMP) which is an integrated measure of the 

complexity of the waveform (Goetz et al., 2008); and various other techniques.  

In the forest ecology literature, various researchers analyzing bird-habitat associations 

focus on forest variables such as number of large trees, crown cover and DBH variability as 
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predictors of vertical stand structure (e.g. Bond et al., 2004; McElhinny et al., 2005; Vierling et 

al., 2008). In addition, the Shannon Index (H’), a diversity measure based on information theory 

which measures the order (or disorder) within a particular system (Shannon, 1948), has been 

applied to foliage height and diameter distributions to quantify forest structural complexity and 

relate this to measures of faunal diversity (MacArthur and MacArthur, 1961; McElhinny et al., 

2005). Koukoulas and Blackburn (2005) have applied H’ to discrete return LiDAR to measure 

height diversity within gaps. Weishampel et al. (2007) developed a canopy height diversity index 

(CD) and canopy evenness index (CE) based on H’ for waveform LiDAR to explore the effects 

of hurricane disturbance on vertical canopy structure. To our knowledge, however, no discrete 

return LiDAR study has applied H’ or evenness indices to characterize vertical forest stand 

structure in an attempt to link such indices to forest stand development stages.    

The objective of this study was to evaluate the potential of discrete return LiDAR data to 

characterize forest succession in a mixed mature forest in central Ontario. More specifically, we 

assessed how well a set of LiDAR derived structural and complexity indices are able to capture 

the vertical complexity of forest stands by analyzing how well they can distinguish between 

Oliver and Larson’s four stages of forest stand development (1996). Furthermore, we tested the 

sensitivity of one of the indices, i.e., the vertical complexity index (VCI), to height bin size and 

point density. Finally we indicate how the results of this study can potentially be used to classify 

the study area into seral stages. 
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2.2 Methods 

2.2.1 Study area and field data collection 

 

The study site is located in the Petawawa Research Forest (PRF) (45
o
 57’ N, 77

o
 34’ W) 

which encompasses approximately 10,000 ha and is located within the Great Lakes – St. 

Lawrence forest region, Ontario, Canada (Figure 2.1). This forest region is a transitional zone 

between the northern boreal forest and the eastern deciduous forest of North America. 

The overstory of the mixed mature forest in the PRF is characterized by eastern white 

pine (Pinus strobus L.), red pine (Pinus resinosa Ait.) and jack pine (Pinus banksiana Ten.) on 

dry, nutrient-poor sites, and trembling aspen (Populus tremuloides Michx.) and white birch 

(Betula papyrifera Marsh) on dry to mesic, sandy to clayey upland sites. Tolerant hardwood 

species such as sugar maple (Acer saccharum Marsh) and red maple (Acer rubrum L.) are 

present on dry to mesic, nutrient-rich uplands. Furthermore, red oak (Quercus rubra L.) may be 

present on upper, south- and west-facing slopes with shallow soils while shade-tolerant conifers, 

i.e., eastern hemlock (Tsuga canadensis L.), are largely associated with lake shores, valley 

bottoms and north- and east-facing slopes (OMNR, 1998; Carleton, 2003). Succession will 

follow different patterns depending on species composition and varying physiographic 

conditions, but also due to variation in disturbance types (OMNR, 1998). Even though fire and 

windfall incidence and frequency are greater in the northern boreal and southern deciduous 

forests respectively, the Great Lakes-St. Lawrence forest region is affected by intermediate 

frequencies of both fire and windstorm activities (Carleton, 2003). Other examples of 

disturbance types affecting the successional pathways within this forest region are insect 

outbreaks, logging, land clearing and fire exclusion (OMNR, 1998). 
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Figure 2.1 The study area (Petawawa Research Forest), located within the Great Lakes - St. 

Lawrence Forest Region, Ontario, Canada 

 

During the summers of 2007 and 2009, 71 sample plots were established within 

(semi)natural forest stands across the study area using a stratified random sampling protocol (see 

Appendix A). The plots covered a range of seral stages and species compositions that can be 

found in PRF. The uneven distribution of sample plots over the seral stages is a reflection of the 

relative abundance of these seral stages within PRF. All plots were circular with a radius of 

11.28 m (i.e., 400 m
2
) and species, status (i.e., living or dead), height, DBH and crown class 

were collected for all trees within these plots with a diameter of ≥ 9 cm at breast height (1.3 m). 

Other data obtained included vertical layering of the forest stand, seral stage, and herb and shrub 
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species composition. Age information in Ontario’s 2000 FRI dataset and PRF disturbance history 

information was used to verify the plot’s seral stages. The center location of the plots was 

georeferenced with a Trimble
®
 Geo XT

TM
 GPS unit with external antenna. To achieve sub-meter 

precision, 300 points were collected per location and later differentially corrected.  

 

2.2.2 LiDAR data collection and analysis 

 

In August 2007, LiDAR data were collected with an ALTM 3100 sensor (Optimal 

Geomatics, Inc., Vancouver, Canada) for 6 flight lines (Figure 2.1). The system was flown at 

approximately 1000 m altitude, with a 13
o
 scan half angle, a scan frequency of 54 Hz, and a 

pulse repetition frequency of 100 kHz. This resulted in a nominal sampling density of 3 pulses 

per m
2
. Three of the 6 flight lines were re-flown to assemble a LiDAR dataset with a sampling 

density of 10 pulses per m
2
. The LiDAR data were provided in LAS format and classified into 

ground and non-ground, i.e., vegetation returns. Subsequently, a high resolution (2 m) digital 

elevation model (DEM) was created from the ground returns through the ANUDEM method 

(Hutchinson, 1993) implemented in ArcGIS 9.3 which uses an iterative finite difference 

interpolation technique. The DEM was then used to normalize the LiDAR data to the terrain. All 

sample plots were extracted from the LiDAR data and for each return within a sample plot, the z-

value of the DEM, corresponding to the x-y coordinate of the laser return, was subtracted from 

the z-value of that return. This resulted in LiDAR point clouds for each sample plot with terrain-

based z-values. For each sample plot a total of 32 LiDAR indices were calculated, which 

included statistical, canopy height, canopy density, and stand complexity indices. The variables 

were derived from all LiDAR returns for each plot, i.e., classified ground and vegetation returns, 
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and no height threshold was used to filter any of the returns (Table 2.1). Their selection was 

based on variables reported in both the remote sensing and forest ecology literature that have 

been used to analyze stand structure and succession. 

 

 

Table 2.1 LiDAR derived variables considered in this study. 

Variables Variable Description 

HGT AVE (m) Average Height 

HGTSD 
c
 and AD 

b 
(m) Standard Deviation and Absolute Deviation of Heights 

COVAR Coefficient of Variation of Heights 

SKEW 
a
 and KURT 

a
 Skewness and Kurtosis of Heights  

P10 – P90 
a,b 

(%) 10
th
 - 90

th
 Height Percentile 

MAXH (m) Maximum Height 

MEDH (m) Median Height (vegetation returns only) 

D1 – D9 
a,b

 1
st
 - 9

th
 Height Decile  

DA Canopy Density Index  A =  prop. 1
st
 returns/all returns 

DB Canopy Density Index  B =  prop. 1
st
 veg. returns/all returns 

VCI 
c
 

𝑉𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝐶𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 𝐼𝑛𝑑𝑒𝑥 =  (− ∑ (𝑝𝑖 ∗ ln (𝑝𝑖)

𝐻𝐵

𝑖=1
) ) ln (𝐻𝐵)⁄  

where HB is the total number of height bins, and pi is the proportional 

abundance of LiDAR returns in height bin i.  

VDR 
Vertical Distribution Ratio (Goetz et al., 2007) =   

(MAXH (veg) – MEDH (veg))/MAXH (veg)  

pHGT L 
c 
(m) 

𝐿𝑜𝑟𝑒𝑦 ′𝑠 ℎ𝑒𝑖𝑔ℎ𝑡 =  (∑ 𝑔 ∗ ℎ) ∑ 𝑔⁄  

where h is tree height and g is it’s basal area 

pQMD (cm) 
𝑄𝑢𝑎𝑑𝑟𝑎𝑡𝑖𝑐 𝑚𝑒𝑎𝑛 𝑑𝑏ℎ =  √[(∑ 𝑑𝑏ℎ2 𝑛⁄ )] 

where n is stems per plot 

a: variables used in the predicted HGT L model; b: variables used in the predicted QMD model; c: variables used in the binomial 

logistic regression models 
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Of these 32 variables, 9 variables were used in the subsequent analyses (Table 2.1). 

Seven variables were directly derived from the LiDAR point cloud, whereas Lorey’s height 

(pHGT L) and quadratic mean DBH (pQMD) were predicted LiDAR models derived from the 

field data. VCI is described in more detail below.  

VCI is based on the information theory index developed by Shannon (1948). Within the 

field of ecology, this index has been used to quantify species diversity and species evenness. In 

general, an evenness index should be at a maximum when all species in a sample are equally 

abundant and should decrease towards zero as the relative abundances of species become more 

and more unequal (Ludwig and Reynolds, 1988). This concept of evenness can also be applied to 

a three-dimensional LiDAR point cloud when one wants to quantify the vertical distribution of 

this cloud (i.e., are these points clustered in layers or distributed more evenly throughout the 

point cloud?). Subsequently, this quantification of the distribution of points within the point 

cloud may reflect the forest structural properties described by Oliver and Larson’s (1996) 

generalized stages of stand development. Hence, this study modified Pielou’s evenness index (J’) 

(Pielou, 1977) - one of the most common evenness indices used in ecology. Pielou’s evenness 

index uses H’ relative to the maximum value that H’ can attain when all species in the sample (S) 

are present in equal proportions, i.e., H’max equals ln(S). The result is an evenness value of one 

when the number of species is perfectly diverse given the observed species richness, and the 

value approaches zero as evenness decreases. To apply this index to a LiDAR point cloud, we 

define S as the number of height bins into which the normalized LiDAR point cloud has been 

divided (now referred to as HB).  The number of LiDAR returns per height bin as a proportion of 

the total number of LiDAR returns is used to define pi in the calculation of H'.  A VCI value 

close to one indicates that most height bins have equal numbers of LiDAR returns. As the 



32 

 

distribution of points per height bin becomes more uneven, VCI decreases. In terms of Oliver and 

Larson’s (1996) generalized stages of stand development, we expect: (i) a low VCI value for the 

stand initiation stage since all returns would be concentrated in the lowest height bin(s); (ii) a 

mid-range VCI value for the stem exclusion stage as returns would merely be concentrated in a 

grouping of height bins representing the upper canopy; (iii) a mid to high VCI value for the 

understory re-initiation stage as returns would be concentrated in two separate groupings of 

height bins; and (iv) a high VCI value for the old growth stage since returns are expected to be 

more evenly distributed over the entire vertical column. The number of height bins was 

determined by the maximum height found in the study area, which was derived from a canopy 

height model (CHM). The resolution of the height bins was set at 1 m. This was based on logistic 

regression results where the height bin size for VCI was varied from 10 to 0.5 m.  

To build predictive LiDAR models for HGT L and QMD, best subset regression models 

were used. This model building approach identifies the subset of LiDAR derived variables that 

best predict the variable in question by linear regression. Once the best predictive LiDAR models 

for HGT L and QMD were selected, the Shapiro-Wilks test was used to determine if the residuals 

were normally distributed. A natural log transformation was required for QMD in order to satisfy 

this assumption. Once several “best” models were identified, the variance inflation factor (VIF) 

was used to examine if variables were highly correlated. A VIF > 10 indicates the occurrence of 

multi-collinearity among predictor variables (Neter et al., 1996). Hence, models that included 

predictor variables with a VIF > 10 were discarded.  

Since successional stage is a categorical variable, logistic rather than linear or non-linear 

regression was used. Logistic regression provides an approach to analyze binary response 

variables, which take values of 1 and 0. The coefficients of the regression are estimated using 
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maximum likelihood with the purpose of finding the odds of a stand being in one development 

stage compared to another (Neter et al., 1996). Likelihood ratio tests and the Wald statistic can 

be used to test the significance of individual coefficients. Since the reliability of the Wald 

statistic is questionable for small sample sizes, this study used likelihood ratio tests (Bewick et 

al., 2005). Goodness of fit of the entire model was performed through a specific likelihood ratio 

Chi-square test that evaluates how well the categorical model fits the data. The negative sum of 

logs of the observed probabilities is called the negative log-likelihood, which corresponds to the 

sum of squares in an ANOVA table for continuous data. The Chi-square test corresponds to the 

F-test (Bewick et al., 2005). The statistical assumptions for logistic regressions are less stringent 

than linear and non-linear regressions, i.e., no assumptions are made about the distributions of 

the explanatory variables (Neter et al., 1996). However, highly correlated explanatory variables 

should be avoided and large sample sizes are required. When sample size is low, the reliability of 

the estimates (i.e., logistic coefficients) declines, i.e., one may get high standard errors, or - with 

very few samples - the maximum likelihood estimator may not be able to converge to a solution 

(Neter et al., 1996). Hosmer and Lemeshow (1989) recommend a minimum of ten cases per 

independent variable. In addition, perfect separation should be absent, meaning that if an 

independent variable or set of variables perfectly predicts the target value, implausibly large 

coefficients and effect sizes may be computed for the independent variable(s) (Neter et al., 

1996). Again best subset regression models were used to select the best predictor variables that 

can distinguish between (i) the stem exclusion and understory re-initiation, and (ii) the 

understory re-initiation and old growth stage. Logistic regressions could not be used for the stand 

initiation and stem exclusion stage since the first had too few samples and did not satisfy the 
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perfect separation assumption. For the best models, VIF values were examined to ensure that 

models with highly correlated variables were excluded.  

 

2.3 Results and Discussion 

 

Plot statistics for some of the field and LiDAR derived variables are presented in Table 

2.2. These data illustrate the variability of these variables within three of the four seral stages and 

also show the similarity between the field measured and LiDAR derived measures of Lorey’s 

height. For the stand initiation stage no forest mensuration data such as height and DBH could be 

collected since no trees were ≥ 9 cm DBH. The only statistics listed are for those LiDAR derived 

variables that were used in the logistic regression models.  

Examples of the four stand development stages, their extracted LiDAR point clouds and 

height distribution (1 m bins) are provided in Figure 2.2. A concentration of LiDAR returns in a 

single low layer is typical for the first stage. The second and third stages display a concentration 

of LiDAR returns in one or more strata, and a more even distribution of LiDAR returns is seen in 

plots representative of an old growth stage.  
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Table 2.2 Field and LiDAR derived plot statistics for the stem exclusion (SE), understory re-

initiation (UR) and old growth (OG) stage. 

Seral 

stages 

Field variables LiDAR derived variables 

Name Mean St Dev Name  Mean St Dev 

SE 

(n=16) 

 

THGT (m) 

HGT L (m) 

DBH (cm) 

QMD (cm) 

15.43 

16.83 

13.97 

14.75 

4.18 

2.52 

5.86 

3.63 

HGTSD (m) 

pHGT L (m) 

VCI 

5.17 

16.85 

0.63 

 

0.98 

2.04 

0.08 

 

UR 

(n=21) 

THGT (m) 

HGT L (m) 

DBH (cm) 

QMD (cm) 

16.90 

25.47 

18.59 

26.18 

8.13 

6.48 

14.06 

8.89 

HGTSD (m) 

pHGT L (m) 

VCI 

8.16 

25.89 

0.75 

 

2.54 

6.20 

0.08 

 

OG 

(n=31) 

THGT (m) 

HGT L (m) 

DBH (cm) 

QMD (cm) 

17.60 

24.28 

20.39 

24.81 

8.03 

5.02 

12.97 

5.29 

HGTSD (m) 

pHGT L (m) 

VCI 

7.56 

24.25 

0.80 
 

1.72 

4.47 

0.07 
 

THGT = top tree height; HGT L = Lorey’s height; DBH = diameter-at-breast-height; QMD = quadratic mean diameter-at-breast-

height; HGTSD = standard deviation of heights; pHGT L = predicted lorey’s height; VCI = vertical complexity index.  
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Figure 2.2 Description of the four forest stand development stages. From the top down and left to right: 

RGB image of representative plots for the stand initiation, stem exclusion, understory re-initiation, and 

old growth stage; LiDAR point clouds at 3 pulses per m
2
, where the vertical axis indicates elevation (m) 

and the horizontal axes Northing (m) and Easting (m); and the frequency of LiDAR returns per height bin. 

 

(a) 

(b) 

(d) 

(c) 
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An analysis of height bin size demonstrated that height bin size has an influence on VCI. 

A comparison of five height bin sizes, i.e. 10, 5, 2, 1 and 0.5 m, indicated that increasing the 

number of height bins improved the logistic regression model that distinguishes between the 

understory re-initiation and old growth stage up to a certain threshold, i.e. up to a VCI index 

using 1 m height bins. Chi
2
 values of the logistic regression models ranged from 16.21, 22.44, 

24.39, 24.89, to 22.82 (all with p values significant at the < 0.05 level) for 10, 5, 2, 1, and 0.5 m 

height bins sizes, respectively. A VCI index with 1 m height bins also yielded the best results in 

terms of percent of sample plots correctly classified (81% for the understory re-initiation stage 

versus 77% for the old growth stage). A preliminary analysis of point density indicated that point 

density has little influence on the index. A linear regression model using two VCI indices for all 

the sample plots, one generated from approximately 3 pulses per m
2
 and a second generated from 

0.5 pulses per m
2
, yielded an R

2
 value of 0.98. This coincides with findings of Gobakken and 

Næsset (2007) and Lim et al. (2008) who found that, even at low point densities, robust results 

can be obtained for many forest inventory variables. While analyzing individual plots it became 

apparent that stem density and specific harvesting regimes (e.g., shelterwood harvesting or seed 

tree spacing experiments) seemed to affect VCI values. Many authors quantifying vertical forest 

structure have reported that dense and closed upper canopy conditions make it difficult to 

identify the understory (e.g., Zimble et al., 2003; Riaño et al., 2003; Maltamo et al., 2005; Hill, 

2007; Barilotti et al., 2008). Hence, especially in multi-storied forest stands the accuracy of the 

results depends on the density of the dominant tree layer (Miura and Jones, 2008).   

Model building results for pHGT L and pQMD are shown in Table 2.3. The predicted 

model for HGT L based on LiDAR statistical, canopy height and density metrics performed 

better than the predicted model for QMD, i.e., the models show R
2
 values of 0.86 and 0.68, and 
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RMSE values of 2.36 m and 1.21 cm respectively. Especially for pQMD stronger correlations 

have been reported in the literature (e.g. Drake et al., 2002; Holmgren and Jonsson, 2004; Woods 

et al., 2008). One possible explanation for our poor fit of the model is that field data were 

collected over a broad range of species compositions and no stratification was applied.   

 

 

Table 2.3 Best model results for Lorey’s height (pHGT L) and quadratic mean diameter-at-

breast-height (pQMD). 

 

Variable 

 

R
2
 

 

R
2 
(adj) 

 

P 

 

RMSE 

Shapiro-Wilk’s Test 

W p  

pHGT L (m)  0.86 0.84 <.0001* 2.36 0.96 0.09 

(Predicted HGT L = 17.72 + 6.47SKEW + 0.94KURT + 0.80P90 - 16.59D6) 

pQMD (cm)  0.68 0.66 <.0001* 1.21 0.97 0.13 

(Predicted ln(QMD) = 2.02 - 0.11HGTAD + 0.08P90 + 2.01D2 - 0.51D6) 

* = significant at the < 0.05 level 

 

Logistic regression models that might have separated stand initiation and stem exclusion 

did not meet the sample size and complete separation assumptions. To get some idea of which 

variables were potential candidates to distinguish between the first two stages, the Tukey-Kramer 

HSD test (Tukey, 1953; Kramer, 1956) was computed for all variables. This test determines if 

the means of each seral stage are significantly different. All height variables (except pHGT L), 

DB and VCI had means that differed significantly between these two stages (p < 0.05).  

Model building results to distinguish between stem exclusion and understory re-initiation 

and understory re-initiation and old growth stages are shown in Table 2.4. pHGT L and pQMD 

(results not shown) were one of the best models to distinguish between the second and third seral 
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stages. The primary difference between the stem exclusion and understory re-initiation stage is 

the gradual appearance of new herbs, shrubs, and /or trees that start appearing on the forest floor 

in the latter stage when the overstory grows older (Oliver and Larson, 1996). In terms of the 

variables used in this study it would seem logical that variables incorporating height and DBH 

(either directly or indirectly) may be able to separate these stages. pHGT L, which is stand height 

weighted by basal area, i.e., indirectly measuring DBH, incorporates these components and 

hence demonstrated that it could separate these two stages best. DA and a number of height 

decile variables were not useful for separating the second seral stage from later stages. Figure 2.3 

illustrates the manner in which pHGT L was able to separate sample plots in their respective seral 

stages. It also shows the predicted values based on the logistic regression for pHGT L and the 

associated probability of being in either of these seral stages. One could potentially use this 

information to classify the study area into the various seral stages. Finally, we determined that 

81% of the samples were correctly classified into the stem exclusion and 94% correctly classified 

into the understory re-initiation stage based on pHGT L (Figure 2.4).  

 

The model that best separated the understory re-initiation and old growth stages included 

the variables HGTSD and VCI.  In general, old growth stands often display a large variety of 

structures within the stand, i.e., a gradation of trees with different height and diameters exist, 

whereas the understory re-initiation still displays layering with a distinct overstory and 

understory (Oliver and Larson, 1996). Forest stands developing from an understory re-initiation 

to an old growth stage may also gradually increase in terms of number and/or size of gaps which 

allow more light to penetrate the vertical profile. All these differences are captured to some 

extent by HGTSD and VCI. Once again, most height decile variables and – in this case - the 



40 

 

lower height percentile variables appeared less useful in distinguishing the old growth stage from 

earlier seral stages. Again, Figure 2.3 illustrates how well the two LiDAR derived variables were 

able to separate sample plots into their respective seral stages. The figure also presents the 

predicted values based on the logistic regression for HGTSD and VCI and the associated 

probability of being in either the fourth or earlier seral stage. Application of this logistic 

regression model demonstrates that 81% of the samples were correctly classified into the 

understory re-initiation stage and 77% of the samples into the old growth stage (Figure 2.4).  

 

Table 2.4 Binomial logistic regression results for the best models to distinguish between stem 

exclusion (SE) and understory re-initiation (UR) and understory re-initiation (UR) and old 

growth stage (OG) (nTOTAL = 68, where nSE = 16, nUR = 21, and nOG = 31). 

 

Seral 

stage 

 

Logit 

Model 

 

Coeffi

-cient 

 

SE 

 

Likelihd. 

Ratio 

Chi
2
 

 

p 

Whole Model Test 

df -Log 

likelihd. 

Chi
2
 p 

SE 

vs. 

UR 

Constant 

pHGT L 

12.58 

-0.74 

3.71 

0.21 

 

48.30 

 

<.0001
*
 

1 13.33 48.30 <.0001
*
 

UR  

vs. 

OG 

Constant 

HGTSD 

VCI 

21.86 

0.71 

-34.19 

5.19 

0.25 

8.21 

 

10.99 

34.60 

 

0.0009
*
 

<.0001
*
 

2 18.32 36.64 <.0001
*
 

* = significant at the < 0.05 level 

 

Classification accuracy of those seral stages that were analyzed with the logistical 

regression models was assessed using 31 validation plots (nSE = 10; nUR = 10; and nOG = 11), 

which resulted in an overall accuracy of 90% and a Khat of 86%. Other LiDAR based studies 

classifying forest succession have reported similar or slightly higher accuracies (e.g., Zimble et 

al., 2003; Falkowski et al., 2009). In our study the lower accuracy in the prediction results was 
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primarily observed in the binomial logistical regression model which separated the old growth 

stage from earlier seral stages (Figure 2.4).    

 

Figure 2.3 Logistic regression model results for pHGT L (top), and a combination of HGTSD 

and VCI (bottom), where the top logistic regression model shows the probability of being in a 

stem exclusion (SE) versus an understory re-initiation (UR)/ old growth (OG) stage and the 

bottom model shows the probability of being in an stem exclusion (SE) / understory re-initiation 

(UR) versus an old growth (OG) stage. 
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Figure 2.4 Accuracy statistics. Each bar corresponds to the associated sample plots in each of 

the stem exclusion (SE), understory re-initiation (UR) and old growth (OG) stages that were 

correctly classified using the two best logistic regression models listed in Table 2.3. 

 

2.4 Conclusions 

 

The results presented here indicate that of the indices tested, there is no single index that 

is able to discriminate between all stand development stages. A combination of indices, however, 

showed more potential. This finding is confirmed by other authors who also applied combined 

indices to characterize stand structural complexity (e.g. Cohen and Spies, 1992; Bond et al., 

2004; McElhinny et al., 2005, Falkowski et al., 2009). One of the main differences between 

previous studies and this study is that we identified different sets of indices to separate different 

successional stages, a logical approach from a stand development perspective. For example, 

pHGT L performs best in separating a stem exclusion from an understory re-initiation stage. 
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However, this index is not helpful in separating understory re-initiation stages from old growth 

stages. A possible explanation is that pHGT L is the stand’s tree height weighted by basal area, 

where basal area is in part determined by DBH. Based on previous analyses using field derived 

DBH variables, it was expected that pQMD would perform better than pHGT L. However, the 

predicted LiDAR model for QMD was not optimal. Two of the statistical assumptions underlying 

logistic regression models, i.e. adequate sample size and the absence of complete separation, 

prevented us from applying a logistic regression model to distinguish between the first and 

second seral stages. Due to fire suppression, there were very few naturally occurring stand 

initiation stands in our study area. Instead, stand initiation plots had to be located in stands that 

were recently planted, making them very distinct from plots that sampled the stem exclusion 

stage.  

The problem that any structural or complexity index or set of indices faces when being 

linked to stand structural development stage is the fact that these stages are arbitrary. Stand 

development does not change from one discrete stage to another, but rather the changes are 

continuous in nature. In addition, individual stands may deviate from the identified stages and 

their order, e.g. skip specific stages (Franklin et al., 2002) due to considerable within-stand 

variability that may exist within a stand development class, which is not captured by the index. 

However, there is value in using a generalized stand development framework that outlines 

specific stand structural conditions and links specific processes and functions to these stages. 

One reason for choosing Oliver and Larson’s (1996) forest development framework over others 

was the number of stages it recognizes. Additional stages would increase the risk of over fitting 

the data. 
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Chapter 3 

Predicting Fine-Scale Tree Species Abundance Patterns using Biotic Variables 

derived from LiDAR and High spatial Resolution Imagery 

 

Abstract 

 

Tree species display different abundance patterns over the landscape due to a number of 

hierarchical factors, all of which have implications when modeling their distribution. While 

climate is often the primary driver for global to regional scale tree species distributions, 

modeling of presence and abundance patterns at finer scales, and in landscapes with less 

topographic variation may require predictors that capture biotic processes and local abiotic 

conditions. Proxies for biotic and disturbance processes may be captured by a combination of 

multispectral remote sensing and light detection and ranging (LiDAR) data. LiDAR data have 

shown great potential for capturing three-dimensional (3D) characteristics of the forest canopy 

and a number of these characteristics may have strong relationships with drivers of local tree 

species distributions. The objective of this study was to investigate the importance of remote 

sensing derived variables related to biotic and disturbance processes, such as competition for 

light, in predicting fine–scale abundance patterns of several dominant tree species in a mixed 

mature forest in the Great Lakes-St. Lawrence Forest Region, Ontario, Canada. Boosted 

regression trees, an ensemble classification and regression algorithm, was used to compare tree 

species abundance models that included LiDAR derived topographic variables with models that 

included spectral and LiDAR derived topographic and vegetation variables. Average model fit 

(rescaled Nagelkerke R
2
) and predictive accuracy (correlation) improved from 0.12 to 0.63 and 
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0.25 to 0.71, respectively, when spectral and LiDAR derived vegetation variables were included 

in the tree species abundance models. This indicates that these variables capture some of the 

variance in local tree species’ abundance distributions generated by biotic and disturbance 

processes in a landscape with limited topographic and climatic variation. Decreased model 

performance at higher tree species’ abundances additionally suggests that our models do not 

capture all of the local drivers of tree species’ abundance. Variables related to historical and 

current silvicultural practices may be missing.  

 

Key words: LiDAR, high spatial resolution multispectral imagery, tree species abundance 

modeling, boosted regression trees, biotic versus abiotic environmental factors. 
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3.1 Introduction 

 

Knowledge of the relative abundance of tree species and how their abundance is distributed 

over the landscape is often crucial for determining the resource usage of these species, 

community dynamics such as species interactions, their contribution to ecosystem functions and 

services, and their conservation status (Chambers et al., 2013). Landscape-wide estimates of tree 

species abundance provide forest managers with stand-level information which can support their 

forest management planning, modeling, and decision-making. For example, relative tree species 

abundance is one of the attributes in Ontario’s Forest Resource Inventory (FRI) and an important 

variable for growth and yield information (Watkins, 2011). It can also serve as a surrogate for 

forest volume and biomass estimates (Moisen at al., 2006).  

Species distribution patterns are often skewed with few areas of high abundance and low 

abundance everywhere else (Murphy et al., 2006). It is often assumed, based on the abundant-

center hypothesis (Guo et al., 2005), that areas with high abundance are clustered in the core of 

the distribution range with areas of low abundance more widely distributed around the margins 

(VanderWal et al., 2009). However, this pattern does not always hold and instead species may 

display very different patterns of abundance over the landscape due to variation in abiotic 

conditions (Ashcroft et al., 2008), species interactions, anthropogenic impacts, and variable 

adaptations to heterogeneous environmental conditions in different parts of a species’ range 

(Sagarin et al., 2006). All these factors have implications on how to model species abundance. 

Rather than using an indirect or surrogate abundance modeling technique where a correlation is 

assumed between predicted probabilities of occurrence and observed abundance (Pearce and 

Ferrier, 2001; VanderWal et al., 2009), one may need to model species abundance directly. This 
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is especially true when the processes of occurrence and abundance are influenced by distinctly 

different factors (Nielsen et al., 2005).  

A number of statistical techniques used to predict probabilities of occurrence in species 

distribution models (SDM; Guisan and Thuiller, 2005) are also valid to model species’ 

abundance (hereafter referred to as species abundance distribution models (SADM; McGill et al., 

2007). Such techniques include envelope-based methods, regression approaches (Meier et al., 

2010), and machine learning methods (Elith et al., 2006; Chambers et al., 2013). Many SDM 

publications have shown moderate to high predictive success for current plant species 

distributions (Miller and Franklin, 2002; Waser et al., 2011). Few studies have directly modeled 

the geographic pattern of plant species abundance (Pearce and Ferrier, 2001; Moisen et al., 2006; 

Attorre et al., 2008; Iverson et al., 2008; Randin et al., 2009; Meier et al., 2010; Chambers et al., 

2013). Predictive success in these studies varied greatly among tree species, ranging from very 

low (0.016 for Acer barbatum in Chambers et al., 2013) to high (0.90 for Fagus sylvatica in 

Attorre et al., 2008). Reasons for these mixed results include the difficulty to incorporate 

microclimate, biotic interactions, geomorphic and human-induced perturbations, dispersal 

limitations and critical climate attributes rather than long-term means (Pearce and Ferrier, 2001; 

VanderWal et al., 2009; Austin and Van Niel, 2011; Normand et al., 2013). Some studies have 

successfully included biotic interactions (Meier et al., 2010), human-induced perturbations 

(Randin et al., 2009), and critical attributes of local climate (Kollas et al., 2014) in SDMs and 

SADMs. Spatial extent and resolution of the calibration domain, species characteristics such as 

life strategy (generalist versus specialist), rarity, position along a successional gradient and 

taxonomic resolution will also influence the modeling success (Levin, 1992; Pearce and Ferrier, 

2001; Attorre et al., 2008, Meier et al., 2010).  
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Predictor variables used in plant species abundance models should ideally be based on causal 

factors that influence their abundance, such as  light, nutrients and water (resources), and 

temperature, disturbances and biota (direct regulators) (Guisan and Zimmerman, 2000; Franklin, 

2009; Austin and Van Niel, 2011). Proxies are sometimes used in these models when variables 

are difficult to quantify, e.g. elevation as a proxy for temperature (Austin and Smith, 1989), and 

tree height, biomass or leaf area index (LAI) as a proxy for the intensity of competition for light 

(Meier et al., 2010). Most of the studies mentioned above have focused on plant species’ broad 

geographical ranges (global to regional) where climate is the primary driver of species 

distributions. However, in landscapes with less topographic variation, such as the Canadian 

boreal forest and the Great Lakes-St. Lawrence Forest Region, SADMs may require fewer 

broad-scale and climate-niche based predictors and more predictors that capture a combination of 

climatic, topographic, edaphic, neutral and biotic processes. These SADMs may also need 

improved local scale predictor variables to better predict fine-scale abundance patterns. Biotic 

processes such as competition (Boulangeat et al., 2012), past and current silvicultural or land use 

practices, meta-population and source-sink dynamics, and local abiotic conditions (micro-

climate, soil, nitrogen content) are expected to be more influential at this scale (Lassueur et al., 

2006; Meier et al., 2010; Piedallu et al., 2013).   

Remote sensing data are frequently used in SDMs and SADMs to derive topographic 

predictor variables such as elevation, slope and aspect. However, imagery from passive remote 

sensing systems have also been used to derive predictor variables related to other plant species 

distribution properties. Zimmermann et al. (2007) showed that modeling of early successional 

and rare species benefit from using multispectral imagery derived predictors, such as normalized 

difference vegetation index (NDVI), because it can distinguish between early and late 
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successional tree species or capture subtle differences in soil/vegetation characteristics or 

phenology associated with rare plant species, respectively. Chubey et al. (2006) modeled pine 

abundance using the mean reflectance and a texture measure, both based on the Ikonos near-

infrared band, as predictors representing forest structure. Others have incorporated Landsat 

imagery in their species’ abundance models, either in the form of raw image data and 

derivatives, such as the tasseled cap and NDVI (Moisen et al., 2006), or by using land cover 

results of image analyses as predictors (Pearce and Ferrier, 2001; Iverson et al., 2008). 

Multispectral imagery, therefore, primarily captures species-related patterns of biomass or 

productivity (Zimmermann et al., 2007).  

Active systems, such as light detection and ranging (LiDAR) and synthetic aperture radar 

(SAR), have shown great utility for capturing three-dimensional characteristics of the forest 

canopy (Lim et al., 2003, Wolter and Townsend, 2011). Wolter and Townsend (2011) 

incorporated canopy structure characteristics derived from SAR, Landsat TM and SPOT-5 to 

estimate tree species composition and abundance in northern Minnesota. Other studies have 

shown the utility of LiDAR derived variables to predict key forest parameters, such as average 

and maximum height, timber volume, biomass, and basal area (Næsset, 2002; Woods et al., 

2008); stand and canopy structural complexity (Kane et al., 2010); forest succession (Falkowski 

et al., 2009; Ewijk et al., 2011); and LAI (Morsdorf et al., 2006; Pope and Treitz, 2013). These 

LiDAR derived canopy variables may have strong relationships to fine-scale tree species’ 

abundance properties, but to our knowledge, they have not been incorporated in SADMs to 

represent biotic and disturbance processes.  

In this paper, we investigate the contribution of such variables in predicting fine–scale 

abundance patterns of several dominant upper canopy tree species in a mixed mature forest in the 
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Great Lakes-St. Lawrence Forest Region, Ontario, Canada. Specifically, we test two competing 

hypotheses of which predictor variables control local scale tree species abundance:  

H1 Local scale tree species’ relative abundance is climate and topography controlled.  

H2 Local scale tree species’ relative abundance is in part controlled by biotic and 

disturbance processes.  

In H1 the SADMs include LiDAR derived topo-climatic variables only, whereas the SADMs 

representing H2 include LiDAR and spectrally derived topo-climatic variables and variables 

related to biotic and disturbance processes.  

  

3.2 Study area and data 

 

3.2.1 Study area 

 

The study site is located in the Petawawa Research Forest (PRF) (45
o
 57’ N, 77

o
 34’ W) 

which encompasses approximately 10,000 ha and is located within the Great Lakes – St. 

Lawrence Forest Region (Fig. 3.1). This forest region is a transitional zone between the northern 

boreal forest and the eastern deciduous forest of North America. This region’s climate is 

continental and sub-humid with mean daily temperatures of -12.4
o
C and 19.0

o
C in January and 

July respectively. Average precipitation is 800 mm per year with approximately 25% falling as 

snow (Burgess et al., 2005). PRF lies on the southern edge of the Precambrian Shield with 

bedrock consisting of granite and gneiss. Its topography has been influenced by glaciation and 

post-glacial deposits and outwashing. The terrain consists of gently rolling hills with sandy 

loams or shallow sandy soils with bedrock outcrops (Burgess et al., 2005). The overstory of the 
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mixed mature forest in PRF is characterized by eastern white pine (Pinus strobus L.), red pine 

(Pinus resinosa Ait.) and jack pine (Pinus banksiana Ten.) on dry, nutrient-poor sites, and 

trembling aspen (Populus tremuloides Michx.) and white birch (Betula papyrifera Marsh) on dry 

to mesic upland sites. Tolerant hardwood species such as sugar maple (Acer saccharum Marsh) 

and red maple (Acer rubrum L.) are present on dry to mesic, nutrient-rich uplands. Red oak 

(Quercus rubra L.) may be present on upper, south- and west-facing slopes with shallow soils 

while shade-tolerant conifers, such as eastern hemlock (Tsuga canadensis L.), are largely 

associated with lake shores, valley bottoms and north- and east-facing slopes (Watkins, 2011; 

Carleton, 2003). Tree species composition, from most to least abundant, is: white pine (32%), 

trembling aspen (23%), red oak (11%), red pine (10%), white birch (8%), maple (Acer spp. 5%), 

white spruce (Picea glauca [Moench.] Voss, 5%), other conifers (4%) and other hardwoods (2%) 

(Place, 2002). PRF is situated within all of these tree species’ distribution ranges and abundance 

patterns may be more influenced by species competition, local abiotic conditions, and past and 

present silvicultural practices (Watkins, 2011) rather than broad climatic, edaphic and 

topographic variables related to the limits of tree species distributions. The site has a history of 

silvicultural interventions as well as other disturbances such as intermediate level windstorm 

activities, insect outbreaks, and fire suppression (Carleton, 2003; Watkins, 2011).  
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Figure 3.1 Quickbird image of the study area, Ontario, Canada. 

 

3.2.2 In situ data collection and sampling 

 

During the summers of 2007, 2009 and 2010, 106 sampling plots were established in forest 

stands (average tree height ≥ 5 m.) across the study area using a stratified random sampling 

design (see Appendix B). Tree species composition information for each forest stand in Ontario’s 

2000 FRI dataset was used to establish the sampling design. In circular plots with a radius of 

11.28 m (400 m
2
) information on tree species, status (living or dead), height, diameter at breast 

height (DBH; 1.3 m) and crown class (dominant, sub-dominant, intermediate, and suppressed) 

were collected for all trees with a DBH ≥ 9 cm. The center location of the plots was 
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georeferenced with a Trimble
®
 Geo XT

TM
 GPS unit with external antenna (300 data points were 

collected per location and later differentially corrected to achieve sub-meter precision).  

 

3.2.3 High resolution imagery and LiDAR data 

 

Quickbird multispectral data were acquired over the study area on August 30, 2008. These 

data consisted of four spectral bands (blue: 450 to 520 nm, green: 520 to 600 nm, red: 630 to 690 

nm, and near-infrared: 760 to 900 nm) with a spatial resolution of 2.4 m. Airborne multispectral 

(Leica ADS40) data were collected in the summer of 2009 and acquired from Ontario’s FRI 

program. These data also consisted of four spectral bands (blue: 430 to 490 nm, green: 535 to 

585 nm, red: 610 to 660 nm, and near-infrared: 835 to 885 nm) at a spatial resolution of 60 cm. 

Both the Quickbird and ADS40 images were already ortho-rectified. The Quickbird data were 

geometrically co-registered to the ADS40 and LiDAR data. A second-order polynomial 

transformation and nearest neighbor resampling algorithm yielded a sub-pixel registration 

accuracy (RMSE < 2.4 m).  

LiDAR data were collected with an ALTM 3100 sensor (Optimal Geomatics, Inc., 

Vancouver, Canada) for six flight lines in August 2007. The system was flown at approximately 

1000 m above ground level (a.g.l.), with a 13
o
 scan half angle, a scan frequency of 54 Hz, and a 

pulse repetition frequency of 100 kHz. This resulted in a nominal sampling density of 3 pulses 

m
-2

. The LiDAR data were provided by the vendor in LAS format and classified into ground and 

non-ground (vegetation) returns.  
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3.3 Methods 

 

3.3.1 Response variable 

 

The relative basal area (RBA) for all tree species in each sampling plot was calculated using 

tree basal area (TBA), which is the cross-sectional area at breast height measured in meters 

squared. RBA was then used as a measure of the tree species’ relative abundance per plot. Based 

on Place (2002), we focused our analyses on those tree species that dominated the upper canopy 

in the PRF (all tree species with an abundance > 5%) and for which we had a sufficient range of 

abundance values: P. strobus, P. resinosa, P. tremuloides, B. papyrifera, P. glauca and Acer spp. 

(saccharum and rubrum). We also merged P. tremuloides and B. papyrifera together because we 

did not have a sufficient range of relative abundance values for these two tree species, which 

caused problems during model calibration. Both tree species have similar ecological and 

functional characteristics from a forest management and forest ecological perspective as both are 

early- to mid-successional intolerant hardwood species. However, P. tremuloides does occupy 

drier sites compared to B. papyrifera. 

 

3.3.2 Predictor variable selection 

 

In order to test our two hypotheses, our set of predictor variables included a number of 

spectral and LiDAR derived variables related to vegetation structure and fine-resolution terrain 

characteristics (see Table 3.1). Spectral variables included NDVI, the standard deviation of the 

red band, and the grey level co-occurrence matrix (GLCM) mean texture measure (Haralick, 
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1986), calculated for the near-infrared band. NDVI, red and near-infrared bands are useful to 

distinguish between broad tree species groups (Ke et al., 2010). Others have shown that texture 

variables derived from high spatial resolution imagery are correlated to vegetation structure and 

physiognomy (Franklin et al., 2001, Ke et al., 2010).  

Two different sets of LiDAR variables were created for this analysis. The first set consisted 

of a high-resolution digital elevation model (DEM), with a spatial resolution of 2.4 m. The DEM 

was created using the ANUDEM method (Hutchinson, 1993) in ArcGIS (version, 9.3, ESRI, 

2010). This method applies an iterative finite difference interpolation technique to the LiDAR 

ground returns. LiDAR terrain variables such as slope, transformed aspect (Beers et al., 1966), 

percent elevation index (PEI - a local elevation filter), topographic wetness index (TWI – Beven 

and Kirby, 1979), and potential annual direct radiation (RAD - McCune and Keon, 2002) were 

derived from this high resolution DEM in Whitebox (version 1.0.7, J. Lindsay, 2010). These 

terrain variables are often used in SDMs and SADMs as surrogates for climate variables and 

more direct environmental variables such as soil depth, nutrient status and water status (Lassueur 

et al., 2006).  

The second set of LiDAR derived variables were extracted from the normalized LiDAR data 

and consisted of statistical, canopy height, and stand complexity indices. These variables were 

derived from all LiDAR returns (classified ground and vegetation returns) for each raster cell and 

had a spatial resolution of 20 m. A spatial resolution of 20 m was considered sufficient to capture 

the structural characteristics of forest plots and was consistent with our sampling plot size of   

400 m
2
. The standard deviation of all LiDAR returns (HGTSD) has proven useful for enhancing 

‘between-forest species variation’ and to discriminate between single- and multistory forest 

stands (Zimble et al., 2003; Ke et al., 2010; Ewijk et al., 2011). The vertical complexity index 
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(VCI; Ewijk et al., 2011) was an important variable for the prediction of old growth forest stands 

in PRF and the vertical distribution ratio (VDR; Goetz et al., 2007) relates to the vertical 

distribution of biomass and measures different canopy complexity characteristics. LiDAR height 

and density metrics are representative of understory, mid-, and upper canopy structural 

characteristics such as density, canopy openness and biomass (Drake et al., 2002).  Due to the 

high correlation that exists among density variables and between height, complexity and density 

variables, we used the Pearson product-moment correlation coefficient to test for the correlation 

between paired variables. Variables with a correlation coefficient > 0.7 were removed. Of the 

density metrics, only two uncorrelated lower and upper density metrics, D1 and D9, were 

retained. 

Since the spectral and LiDAR derived variables initially had various spatial resolutions (0.6, 

2.4 and 20 m) all variables were resampled to 20 m. The mean was calculated for those variables 

with initial spatial resolutions of < 20 m, with the exception of the ADS40 red band for which 

the standard deviation was calculated. Plot values were extracted for each of the predictor 

variables from these raster surfaces using zonal statistics. 
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Table 3.1 Predictor variables used in the tree species abundance models. 

Category Variables Variable description 

Spectral  

Biotic & 

Disturbance 

Variables 

NDVI QB Quickbird (NIR – Red) / (NIR + Red) 

TM QBNIR Quickbird NIR GLCM mean texture measure (Haralick, 

1986) 

ADSR SD Standard deviation of the ADS40 Red band DN values 

LiDARvegetation  

Biotic & 

Disturbance 

 Variables 

HGTSD (m) Standard Deviation of Height 

D1 and 9 1
st
  and 9

th
 Density Metric (Woods et al., 2008) 

VCI Vertical Complexity Index (van Ewijk et al., 2011)   

=  − ∑ (𝑝𝑖 ∗ ln (𝑝𝑖

𝐻𝐵

𝑖=1
) ) ln (𝐻𝐵)⁄  

where HB is the total number of height bins, and pi is the 

proportional abundance of lidar returns in height bin i. 

VDR Vertical Distribution Ratio (Goetz et al., 2007) 

=
(𝑀𝐴𝑋𝐻𝑣𝑒𝑔 − 𝑀𝐸𝐷𝐻𝑣𝑒𝑔)

𝑀𝐴𝑋𝐻𝑣𝑒𝑔
 

where MAXHveg is the difference in height between initial 

canopy return and the ground return; and MEDHveg is the 

height of the median of all lidar returns.  

LiDARterrain 

Topographic 

Variables 

DEM (m) Digital Elevation Model 

SLOPE (
o
) Slope 

TASPECT Transformed Aspect (Beers et al., 1966) 

= 1 + cos (45 − 𝐴𝑠𝑝𝑒𝑐𝑡) 

 TWI Topographic Wetness Index (Beven and Kirby, 1979) 

= ln (
𝐴

𝑡𝑎𝑛𝛽
) 

where A is the specific catchment area and β is the slope. 

 PEI (%) Percent Elevation Index (Lindsay, 2010)  

 RAD (MJ/cm
2
/yr) Potential annual direct radiation (McCune and Keon, 2002) 
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3.3.3 Statistical analysis 

 

Tree species’ RBA was related to LiDAR and high spatial resolution imagery predictors 

using the boosted regression trees (BRT) algorithm (Freund and Shapire, 1996; Friedman, 2001, 

2002). In our initial exploratory analyses, BRT outperformed a range of other algorithms, 

including: Poisson, negative binomial and two-part generalized linear models (GLMs) and 

generalized additive models (GAMs); regression tree analysis; Random Forest (RF); and partial 

least square (PLS) regression models. Only the results from the BRT analyses are reported here.  

BRTs use a combination of statistical and machine learning techniques as both a regression 

tree and a boosting algorithm are used to construct an “ensemble” of regression trees (Elith et al., 

2006). Regression trees are good at selecting relevant variables, modeling interactions, and 

visualizing the results. The boosting algorithm component improves model accuracy by 

combining a large number of relatively simple tree models (Elith et al., 2006; De’ath, 2007). 

Small modifications are made to the regression models to improve model fit (Friedman et al., 

2000). In regression trees, this is done by adding new trees that best reduce the loss function 

(deviance) at each iteration (Elith et al., 2008). In contrast to GLMs, GAMs and RFs, BRTs have 

increased predictive performance and decreased risk of over-fitting the data since they use a 

subset of the dataset to fit new trees. Bias is reduced by using a forward stage-wise model fitting 

process which increasingly focuses on those observations that are most difficult to predict 

(Friedman, 2001, 2002; Moisen et al, 2006; Elith et al., 2008). For more detailed descriptions of 

the BRT model see Friedman (2001, 2002) and Hastie et al. (2009).  

BRTs are sensitive to model settings and hence settings such as bag fraction, learning rate 

and tree complexity have to be set with care (Elith et al., 2008; Elith and Leathwick, 2013). The 

bag fraction specifies the fraction of data randomly selected for calculating each tree, the 
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learning rate parameter is used to shrink the contribution of each tree in the model and the tree 

complexity determines the maximum possible interactions and reflects interaction order with the 

response variable (Friedman, 2001). The relative strength of these interactions is quantified by 

the residual variance of linear functions established between all possible pairs of predictor 

variables (Elith et al., 2008). Elith et al. (2008) recommend that a larger number of trees (at least 

1000 trees) in combination with a smaller learning rate are preferable for model stability. For 

studies with relatively small sample sizes they also recommend to use a low tree complexity and 

reduce the set of predictor variables to improve predictive performance. This led to the following 

settings in our BRT models: all tree species models used a Poisson distribution; bag fraction was 

set to 0.6; tree complexity was set to three; and, in order to create at least 1000 trees, learning 

rates ranged from 0.001 to 0.0001. We also simplified our tree species’ abundance models to 

include two to eight predictor variables, resulting in more parsimonious models with higher 

estimated predictive performance.  

To assess and compare predictive performance among the different tree species models and 

between the competing tree species models, model fit and predictive power were estimated by: 

(i) the adjusted geometric mean squared improvement R
2

N (Nagelkerke, 1991), rescaled for a 

maximum of 1; and (ii) the correlation coefficient (r) between the observed and predicted 

response variables (Elith and Leathwick, 2013). Because of the relatively small sample size, 

model validation was carried out using a 10-fold cross validation. The relative contribution of the 

predictor variables to the overall tree species’ abundance predictions was determined using 

variable importance measures generated by the model. To assess model performance stability 

over the predicted tree species’ abundance gradient, model residuals were plotted against the 

observed relative abundance values for each of the tree species. Spatial projections of the BRT 
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models were applied to the LiDAR flightlines to obtain landscape wide tree species’ relative 

abundance predictions. Using the residuals of the tree species’ models in combination with 

inverse distance weighting (IDW) interpolation and a moving window, we obtained associated 

tree species’ model prediction error maps. 

All statistical analyses were performed in R (R Development Core Team, 2011) version 

2.14.0 using dismo package version 0.8-11 (Hijmans et al., 2013), gbm package version 2.0-8 

(Ridgeway, 2013), and raster package version 2.1-16 (Hijmans and Etten, 2013) for the BRT 

modeling (see Appendix F).  

 

3.4 Results 

 

3.4.1 Sample plot statistics 

 

Sample plot statistics of the spectral and LiDAR-derived variables used in the five BRT 

models are presented in Appendix C. These data illustrate the range of values for these variables 

in our sample plots. The spectral and LiDAR vegetation variables indicate that the area is 

dominated by mature forest stands. HGTSD, D9, VCI and VDR values are relatively large and 

all NDVI values are > 0.5. Understory information can be gleaned from the lower density 

metrics. Larger D1 values are indicative of presence of understory vegetation in older and more 

natural stands and smaller D1 values of less understory vegetation in younger stands and 

plantations. The range of the five LiDAR terrain variables is relatively narrow, illustrating that 

this area is relatively homogeneous with little relief and no predominant aspect direction.  
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3.4.2 Fit and predictive power of the SADMs 

 

For all five tree species, model fit and predictive accuracy of the Biotic-Disturbance SADMs 

(H2) was better than that of the Topographic SADMs (H1) (Table 3.2).  In the Biotic-Disturbance 

models, model fit improved on average by 0.50 and predictive accuracy on average by 0.45. 

Since the Biotic-Disturbance SADMs outperformed the Topographic SADMs, only the results of 

these SADMs are shown. The P. glauca species model performed best with a model fit of 0.78 

and a correlation of 0.85 between observed and predicted tree species’ abundance values. The 

Betula-Populus model showed the lowest performance with a model fit of 0.34 and a 0.53 

predictive accuracy. All tree species’ models underestimated relative abundance, especially at 

higher abundances (Fig. 3.2a-e). The predictions for Betula-Populus (Fig. 3.2d) were the most 

underestimated with predicted abundance values ranging from 3 to 15%. Model residuals plotted 

against observed abundance values showed an increased prediction uncertainty with higher 

observed tree species’ relative abundance values for all models (Fig. 3.3a-e). In line with model 

performance, the P. glauca (Fig. 3.3c) and Betula-Populus (Fig. 3.3d) models displayed the 

lowest and highest increases, respectively, over the abundance gradient.   
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Table 3.2 Predictive performance of the Topographic and Biotic-Disturbance SADMs. Model fit 

is based on the training datasets and predictive accuracy on the cross-validation datasets. 

Standard error is reported in brackets. 

Tree species  
Pinus 

strobus 

Pinus 

resinosa 

Picea 

glauca 

Betula & 

Populus 

Acer 

spp. 

H1: Topographic Model 

Model fit (R
2

N) 0.21 0.24 0.04 0.002 0.11 

Predictive accuracy (r) 0.20 

(0.12) 

0.45 

(0.11) 

0.22 

(0.12) 

0.18 

(0.09) 

0.21 

(0.11) 

H2: Biotic-Disturbance Model 

Model fit (R
2

N) 0.65 0.72 0.78 0.34 0.68 

Predictive accuracy (r) 0.69 

(0.04) 

0.74 

(0.07) 

0.85 

(0.05) 

0.53 

(0.09) 

0.73 

(0.05) 

 

Figure 3.2 Biotic-Disturbance SADM scatter plots of the observed and predicted relative 

abundance values for: (a) P. strobus, (b) P. resinosa, (c) P. glauca, (d) Betula-Populus, and (e) 

Acer spp. Dashed lines indicate the 1:1 line.  
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Figure 3.3 Biotic-Disturbance SADM scatter plots of the model residuals and observed relative 

abundance values for: (a) P. strobus, (b) P. resinosa, (c) P. glauca, (d) Betula-Populus, and (e) 

Acer spp. Lines indicate the fitted line. 

 

3.4.3 Predictor variable contributions and effects in the Biotic-Disturbance SADMs 

 

The relative contribution of the predictor variables to the overall tree species’ abundance 

predictions including the frequency of occurrence for each variable in the prediction models, are 

shown in Table 3.3. The contribution of each variable is rescaled to sum to 100, where higher 

contributions indicate that the variable has a stronger influence on the tree species’ relative 

abundance (Elith et al., 2008). The most frequently chosen variables were related to canopy 

height variability (HGTSD) and broad vegetation type (NDVI QB). HGTSD was included in all 

predictive models except for the Betula-Populus model and NDVI QB was included in all 
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predictive models except for the P. resinosa model. Both variables also exerted a strong 

influence on the relative abundance of the tree species except for HGTSD in the P. glauca and 

NDVI QB in the P. strobus model. Variables related to canopy complexity and the understory 

(VCI, VDR and D1) were also included in all models, except for the Betula-Populus model, but 

had less of an influence on the relative abundance of tree species. Only the models for P. strobus, 

Betula-Populus and Acer spp. included topographic variables (DEM and TASPECT) and these 

variables exerted relatively little influence on the predicted tree species’ relative abundance. 

TASPECT did have a strong influence in the Betula-Populus model. 

 

Table 3.3 Relative contribution (%) of the predictor variables in the Biotic-Disturbance SADMs. 

‘Total’ refers to the frequency of occurrences of each predictor variable. 

Category Predictor 

variables 

Pinus 

strobus 

Pinus 

resinosa 

Picea 

glauca 

Betula & 

Populus 

Acer 

spp. Total 

 Relative contribution (%) 

Spectral 

Biotic & 

Disturbance 

variables 

NDVI QB 9.7  73.7 35.4 45.3 4 

ADSR SD 6.5 21.5   13.1 3 

TM QBNIR    12.4  1 

LiDARvegetation 

Biotic & 

Disturbance 

variables 

HGTSD 40.3 37.7 12.6 27.5  4 

D1 3 10.1   17.3 3 

VCI  17.4  13.6  10.6 3 

VDR  9.1 15.4   3.5 3 

D9 6.9 15.3    2 

LiDARterrain 

Topographic 

variables 

DEM 7.1    7.3 2 

TASPECT    24.8 2.9 2 
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Partial dependence plots (Fig. 3.4a-e) show the effect of a variable on the response variable 

after accounting for the average effects of all other variables on the model. Positive fitted 

function values indicate that tree species respond favorably and low values indicate the opposite 

(Elith et al., 2008). The partial responses of P. strobus and P. resinosa showed an increase in 

HGTSD with increasing P. strobus and P. resinosa abundances, whereas P. glauca and Betula-

Populus showed a decrease in HGTSD with increasing abundances. For NDVI QB different 

responses are seen between conifers and deciduous tree species. The conifer models (P. strobus 

and P. glauca) showed higher abundances between NDVI QB values of 0.5 and 0.7. In 

comparison, higher abundances in the deciduous models (Betula- Populus and Acer spp.) 

coincide with NDVI QB values > 0.7. Different patterns are also seen for VCI and VDR, where 

VCI and VDR increase with increasing abundances of P. strobus and Acer spp.. The partial 

responses of P. resinosa and P. glauca show a decrease in VCI and VDR with increasing 

abundances.  

 

3.4.4 Spatial predictions of species’ relative abundance and prediction error maps 

 

The spatial predictions of the best performing SADM (P. glauca) are shown in Figure 3.5. 

High abundance locations coincide with plantations in PRF for both P. resinosa and P. glauca. 

Outside of plantations, predicted relative abundance was lower for P. resinosa and P. glauca. 

Spatial predictions of P. strobus and the deciduous species Betula-Populus and Acer spp. showed 

more uniformly distributed abundance patterns throughout the study area, although areas with 

higher and lower abundances were also observed. These patterns coincide with existing relative 

abundance patterns in PRF for these tree species.  
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Figure 3.4 Partial dependence plots for the four most influential variables in the Biotic-

Disturbance SADMs of (a) P. strobus, (b) P. resinosa, (c) P. glauca, (d) Betula-Populus, and (e) 

Acer spp. which show the effect of a variable on the response variable. Positive fitted function 

values indicate that tree species respond favorably and low values indicate the opposite. The 

relative importance of each explanatory variable is shown in brackets on the x-axis.  
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The main pattern observed in all of the prediction error maps was consistent with the trends seen 

in the model residuals where areas with higher predicted relative abundance also showed higher 

model uncertainty (see Fig. 3.3). 

 

Figure 3.5 Maps of predicted relative abundance (a) and its corresponding error (b) for P. glauca. 

Light green areas represent non-forested areas. Areas outside of the flight lines are shown using 

the ADS 40 imagery. 
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3.5 Discussion 

 

It has recently been demonstrated that topo-climatic variables can outperform standard 

climatic variables in SDMs/SADMs (Ashcroft et al., 2008; Franklin, 2009). However, in 

landscapes with little topographic variation and/or when the goal is to predict species’ abundance 

patterns at the landscape or local scale, biotic interactions are known to affect species’ spatial 

distribution patterns (Meier et al., 2010; Boulangeat et al., 2012). Our results demonstrate the 

importance of additionally accounting for fine-scaled variables related to biotic and disturbance 

processes as our LiDAR and spectral derived variables were able to capture some key canopy 

attributes related to these processes. The evidence for this finding is supported by the choice and 

influence of variables such as NDVI QB, HGTSD, VCI, VDR and D1in our SADMs. Patterns 

found in the partial responses of NDVI QB corresponded with known NDVI ranges for 

coniferous and deciduous species indicating that NDVI QB seems to act as a broad conifer-

deciduous filter. HGTSD and D9, on the other hand, can be viewed as surrogates for light 

competition (Meier et al., 2010, Midgley et al., 2010) and variables such as VCI, VDR and D1 

may be interpreted as indicators of forest stand development over time (young to mature) by 

capturing the vertical structure of the canopy, including its understory (Goetz et al., 2007; Ewijk 

et al., 2011). LiDAR height, density and complexity metrics, similar to the ones used in our 

study, have proven useful for the prediction of successional stages (Falkowski et al., 2009; Ewijk 

et al., 2011) and for the estimation of key forest parameters, such as biomass, crown closure and 

LAI (Popescu et al., 2003; Morsdorf et al., 2006; Woods et al., 2008; Pope and Treitz, 2013). In 

this study, high abundance Pinus spp. stands were characterized by a high canopy (LiDAR 

returns were coming from the high P. strobus and resinosa crowns) with variable canopy depth 

and the presence of an understory. The latter may relate to LiDAR returns coming from pine 
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saplings in plantations. In contrast, high abundance P. glauca stands were characterized by less 

variability in crown height, depth and complexity. Pure P. glauca stands in PRF are often spruce 

plantations with equal height canopies and little to no understory. Less variability in crown 

height was also observed at higher abundances of Betula-Populus. For this tree species group, 

this may correspond with the vertical canopy structure seen in early- to mid-successional 

intolerant hardwood species. Acer spp. dominated stands in PRF are mostly found in late 

successional forest stands with a complex canopy structure. LiDAR variables captured this by 

showing an increase in vertical canopy complexity together with a decrease of the understory at 

increasing abundances of Acer spp.  

Individual model performance ranged from Betula-Populus, exhibiting the poorest 

performance, to P. resinosa and P. glauca demonstrating the best model performances. These 

differences can in part be attributed to variation in tree species traits. Meier et al. (2010) found 

that biotic variables exerted stronger effects on plant species distributions of competitive, shade-

tolerant, late-successional species than on species distributions of shade-intolerant species. In our 

study, this may explain the better performance of P. strobus and Acer spp. compared to Betula-

Populus. The poor model performance of Betula-Populus may also be attributed to the fact that 

our sample plots did not cover the entire range of abundance values for these tree species and 

that they were merged together even though they occupy different sites with respect to soil 

moisture. The stronger model performance of P. resinosa and P. glauca may be attributed to 

these tree species occurring in plantations in PRF at high tree species abundances. Plantations are 

often less heterogeneous in canopy structure compared to natural stands which may have been 

captured more optimally by our spectral and LiDAR derived vegetation variables, thereby 

enhancing their model performance. Guisan and Theurillat (2000) also noticed this relationship 
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between terrain heterogeneity and prediction strength in some alpine plant species’ distribution 

models.   

Similar to Pottier et al. (2013), our results also indicate variability of model performance over 

the abundance gradients, which translated into an increasing model performance uncertainty at 

higher predicted abundance values. Pottier et al. (2013) found that distributions of alpine plant 

species at lower elevations were not in equilibrium with climate resulting in less accurate 

predictions. This was likely caused by human activities, such as agriculture which enhances 

competitive interactions (Keddy et al., 1997) and grazing which imposes strong filtering of 

functional traits (Díaz et al, 2007). In the PRF, additional local drivers of tree species’ abundance 

are most likely related to historic and current silvicultural practices, such as shelterwood 

harvesting, thinning, mechanical and chemical competition control, and regeneration through 

scarification and tree planting (Wetzel et al., 2011). The lack of such variables in our models 

may explain the underestimation of tree species abundance observed at higher tree species’ 

abundance values.  

Besides the variability in model performance, this study found that considerable variation in 

abundance patterns of our tree species remained unexplained. The challenge will be to formulate 

a method for incorporating missing variables related to historical processes, silvicultural 

practices, and more explicit biotic interactions among tree species. Land use variables that 

incorporate anthropogenic activities such as fertilization and grazing, have been included in 

SDMs and SADMs to account for the effects of such activities on the occurrence and abundances 

of plant species (Randin et al., 2009). Recently, a number of studies have described how to 

account for a multitude of biotic interactions in SDMs/SADMs (for an overview see Kissling et 

al., 2012; Wisz et al., 2013). Wisz et al (2013) grouped these approaches into three main 
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categories: (i) the use of pairwise dependencies (Kissling et al., 2012); (ii) the use of surrogates 

(Meier et al, 2011; Midgley et al., 2010); and (iii) the use of a hybrid approach linking dynamic 

models with SDMs/SADMs (Lischke et al., 2006; Midgley et al, 2010). 

From a remote sensing perspective, advancements may be made in the development of 

additional surrogate predictor variables for biotic interactions, derived from passive optical 

(multi- and hyperspectral) and active (LiDAR and SAR) sensors.  Remotely sensed data may 

also be used to parameterize dynamic forest growth models (Smith et al., 2008; Falkowski et al., 

2010). Smith et al. (2008) used forest stand characteristics, such as tree height and population 

density, derived from SPOT imagery to simulate stand conditions in LPJ-GUESS model 

simulations, and Falkowski et al. (2010) used LiDAR derived variables to estimate input data to 

parameterize the forest growth model FVS. 

From a methodological perspective, we found that BRT provided an appropriate statistical 

technique for selecting the most meaningful spectral and LiDAR derived predictor variables and 

for modeling complex nonlinear relationships between tree species abundance and these 

variables, including the interactions between predictors. One could argue that the model 

improvement observed in the Biotic-Disturbance SADMs can be attributed to model saturation 

(in terms of degrees of freedom) since adding more variables may add additional variance by 

chance. However, we feel this is not the case in our improved models since on average the 

independent contributions of biotic and disturbance variables were very high and in most cases 

higher than the topographic variables (Table 3.3).   

The mapping of tree species’ relative abundance patterns at this scale may serve a number of 

purposes. Tree species’ relative abundance maps augment traditional forest resource inventory 

data and as such could be included in enhanced forest resource inventories (eFRI). In Ontario, a 
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number of studies have shown that forest inventory attributes, such as tree height, basal area, 

biomass and merchantable volume, can accurately be modelled with LiDAR (Woods et al., 2008; 

Treitz et al., 2012). Having the same spatial resolution, tree species’ abundance maps could 

easily be combined with these LIDAR-based forest inventory attributes. Tree species’ relative 

abundance maps may also be used for the calculation of ecosystem services, or be used within 

habitat or conservation related analyses. The combined tree species’ relative abundance maps 

could also be used to produce single maps that have information on dominant and co-dominant 

cover types (Fig. 3.6), a type of forest information commonly used in forest management and 

planning. In this study we could only test the mapping of species’ relative abundance patterns on 

five LiDAR flightlines. Forest wide LiDAR coverage will be required to fully utilize these 

SADMs and their resulting maps by forest managers.  
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Figure 3.6 Maps of (a) dominant and (b) co-dominant tree species derived from the SADM 

predictions. Light green areas represent non-forested areas. Areas outside of the flight lines are 

shown using the ADS 40 imagery. 
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Chapter 4 

Comparing Single-Tree and Area-Based Approaches for the Initialization of a 

Tree-Level Forest Growth Model in a Mixedwood Forest 

 

Abstract 

 

Forecasting long-term forest ecosystem dynamics is an important part of sustainable 

forest management. Empirical forest growth models, which incorporate allometric equations to 

model tree diameter, height and volume, are frequently used for this purpose. The Forest 

Vegetation Simulator (FVS) is an individual-based, distance-independent forest growth model. 

In Ontario, FVS
Ontario

 (a geographical variant of FVS) has been calibrated to local growing 

conditions. Detailed tree-level forest inventory data, i.e. tree lists, are generally required for 

model initialisation, hence restricting their application to the stand-level. However, multispectral 

remote sensing and light detection and ranging (LiDAR) data have shown great potential for 

capturing forest variables such as tree diameter, height and volume at the single tree and plot 

level, potentially enabling the application of these forest growth models across larger areas. The 

objectives of this study were to investigate whether individual tree-level information on species, 

diameter and height predicted using remotely-sensed data was comparable to in-situ tree-level 

inventory data, and if these tree lists would produce comparable growth projections. We used a 

k-Nearest Neighbor (k-NN) imputation model to generate juvenile tree information and two 

approaches to generate individual adult tree information (an individual tree crown (ITC) 

classification and predicted stem density in combination with predicted tree species’ relative 
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abundance). When compared with in-situ forest inventory data, the k-NN imputation results for 

the juvenile tree variables were moderately correlated, with correlations between in situ and 

imputed variables ranging from 0.50 to 0.69 for juvenile top and average height, respectively. 

However, there were larger discrepancies between in situ and imputed juvenile species 

composition and stem density, important inputs in the forest growth model. In terms of 

generating adult tree lists, ITC underestimated stem density the most, and due to the limited set 

of tree species included, both approaches underestimated the number of species. The advantage 

of using remotely-sensed data to generate model input for FVS
Ontario

 would be that they allow for 

a landscape-wide implementation of the forest growth model which would benefit the evaluation 

of silvicultural decisions for sustainable forest management, carbon accounting, etc., over large 

areas. However, our study shows that the approaches we used require additional improvements 

with respect to estimating stem density/diameter distribution and species composition. 

 

Key words: FVS
Ontario

, model initialization, LiDAR, stem density, tree species’ relative 

abundance, individual tree classification (ITC), area-based approach (ABA), k-NN imputation. 
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4.1 Introduction 

 

To understand and predict long-term forest ecosystem dynamics is an important research 

topic for forest ecologists and forest managers, helping to understand e.g. climate change impacts 

on forest structure, composition and function (Bugmann, 2001; Fontes et al., 2010). Empirical 

forest growth models have been used frequently for sustainable forest management (Pretsch, 

2009; Fontes et al., 2010) and are widely used to aid in forest management decision making 

(Dixon, 2002). These models are typically based on statistical/allometric equations to model tree 

height, diameter and volume, and include a wide range of harvesting options. More recent 

versions include effects of diseases, pathogens, and fire (Robinson, 2000; Dixon, 2002). Input 

data for forest growth models usually come from forest inventories and site data (Fontes et al., 

2010). Prognosis (later renamed Forest Vegetation Simulator: FVS) is an example of such an 

individual-based, distance-independent growth and yield model (Wykoff et al., 1982; Crookston 

& Dixon, 2005). Through the application of geographic model variants, FVS has been used to 

predict forest development across many different forest types in the United States and Canada 

(e.g., British Columbia (Prognosis
BC

); Ontario (FVS
Ontario

)).  

Model inputs are generally derived from detailed stem maps (saplings, seedlings, and 

adults) and/or tree-level forest inventory data. The FVS model has, therefore, mainly been used 

for stand-level or multiple stand-level studies (Woods & Robinson, 2008). Mladenoff & Host 

(1994) pointed out that if the purpose of a forest model is to gain understanding of ecological 

processes, initial age classes could be randomly assigned based on the known general 

distribution of classes with a range of stand sizes. However, if the model is used for forest 

management purposes, such an approach for obtaining initial starting conditions might not be 
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valid. Hence, model initialization is a crucial step in model development, and capturing these 

initial conditions often requires extensive in situ data.  

Over the last decade Light Detection and Ranging (LiDAR) has emerged as an important 

remote sensing technology that can capture numerous three-dimensional forest characteristics. 

Key stand-level forest characteristics, including average and maximum tree height, basal area, 

above-ground biomass, timber volume, stem density and quadratic mean diameter have been 

derived from LiDAR data for a variety of forest stand conditions (Næsset, 2002; Woods et al., 

2008). LiDAR and/or synthetic aperture radar (SAR) combined with optical remote sensing data 

have also been used to predict tree species composition and abundance at the forest stand level 

(Wolter & Townsend, 2011; van Ewijk et al., 2014) and single-tree level (Gougeon & Leckie, 

2011). At the single-tree level, a number of variables such as tree height, crown width, stem 

volume, biomass  and diameter at breast height (DBH) have been extracted using LiDAR 

(Maltamo et al., 2009; Vauhkonen et al., 2010).  

Spatial predictions of these LiDAR-derived forest variables can be broadly categorized 

into two general methods. Area-based approaches (ABA; Næsset, 2002) are used at the stand 

level and are comprised of various parametric (e.g., multivariate regression) as well as non-

parametric regression models (e.g., machine learning algorithms such as Random Forest (RF) 

(Breiman, 2001) or k-nearest neighbour imputation (k-NN) (Moeur & Stage, 1995) which use 

LiDAR-derived statistical, canopy height and stand complexity indices to predict stand or tree 

properties (Breidenbach et al., 2010a; Breidenbach et al., 2010b). Imputation methods are 

popular for forest attribute estimation because of their ability to simultaneously relate multiple in 

situ measured forest attributes to  ancillary variables (Hudak et al., 2008). Basically, k-NN 

imputation techniques require a dataset that consists of reference data containing both ancillary 
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and response variables at each sampling location, and a target dataset that contains only ancillary 

variables. The missing response variables within the target dataset are then estimated by 

imputing them from the nearest neighbors within the reference dataset (Falkowski et al., 2010). 

The individual tree crown approach (ITC; Gougeon, 1995) on the other hand, segments 

high spatial resolution multispectral imagery (Gougeon, 1995), LiDAR derived canopy height 

models (CHM) (Hyyppä et al., 2001; Leckie et al., 2003; Popescu et al., 2003) and/or raw 

LiDAR data (Reitberger et al., 2009) into individual tree crowns. Tree characteristics, such as 

height and crown width, can subsequently be estimated using the segment properties (Gougeon, 

1995).  

In order to replace or complement tree-level forest inventory data with remotely-sensed 

tree-level data for model initiation, it is anticipated that an integrated processing stream of 

passive (multispectral imagery) and active (LiDAR) remote sensing technologies as well as the 

above described image and LiDAR processing algorithms are required. This would subsequently 

allow for the modeling of forest growth across entire landscapes. Literature supports the 

application of remotely-sensed data for the parameterization and initialization of forest models, 

especially for landscape and fire behavior models (Riaño, 2003; Mladenoff, 2004; Mutlu et al., 

2008;). Riaño (2003) used LiDAR to extract forest fuel distributions while Mutlu et al. (2008) 

calibrated fuel models using a combination of variables derived from LiDAR and Quickbird 

imagery. However, few studies have applied remotely-sensed data to initialize tree-level forest 

growth models (Smith et al., 2008; Falkowski et al., 2010). Smith et al. (2008) used forest stand 

characteristics (i.e., tree height and population density) derived from SPOT imagery to simulate 

stand conditions in LPJ-GUESS model simulations. Falkowski et al. (2010a) used k-NN 

imputation and LiDAR derived variables to estimate forest inventory data over a large forest area 
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and parameterize FVS (Crookston & Dixon, 2005). Others (e.g. Maltamo et al., 2004; Bollandsås 

et al., 2008) characterized small trees and their height and diameter at breast height (DBH) 

distributions in forest stands using LiDAR derived variables and indicated their potential utility 

as input for tree-level forest growth models.  

The research reported here addresses the following questions: (i) can we predict 

individual tree-level metrics (i.e., tree species, top height and DBH) using remotely-sensed data 

and algorithms to generate individual tree (juvenile and adult) information (tree lists) that is 

comparable to in-situ tree-level inventory data for model initialization; and (ii) can we 

subsequently use this information to initialize starting stand conditions in FVS
Ontario

 that would 

produce comparable growth projections (i.e., tree species composition, basal area, density, top 

height and quadratic mean diameter) as tree-level forest inventory data. To answer the first 

question we compare several ABA and ITC approaches with the in-situ collected tree 

measurement data. To obtain the remotely-sensed sampling plot adult tree information we use 

Gougeon & Leckie (2011)’s ITC classification and predicted stem density in combination with 

predicted tree species’ relative abundance (van Ewijk et al., 2014). We use a k-NN imputation 

model (Moeur & Stage, 1995) to estimate the juvenile (i.e. saplings and seedlings) tree 

information. For the second question we compare FVS
Ontario

 future predictions of stand 

conditions derived from in situ sample plot data to ITC- and ABA-based future predictions of 

stand conditions. We test these questions on several stands within the Petawawa Research Forest.  
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4.2 Study area and data 

 

4.2.1 Study area 

 

Our study site is the Petawawa Research Forest (PRF) (45
o
 57’ N, 77

o
 34’ W) which is 

situated along the Ottawa River, northwest of Ottawa, Canada and lies within the Great Lakes – 

St. Lawrence Forest Region (Fig. 4.1). This forest is in a transitional zone between the northern 

boreal forest and the eastern deciduous forest of North America and is characterized by tree 

species such as eastern white pine (Pinus strobus L.), red pine (Pinus resinosa Ait.), eastern 

hemlock (Tsuga canadensis L.), sugar maple (Acer saccharum Marsh) and yellow birch (Betula 

alleghaniensis Britton) (Wetzel et al., 2010). It is second in terms of its species richness of the 

four forest regions within the Province of Ontario and its forests are managed with a wide range 

of silvicultural practices and systems (Woods & Robinson, 2008). Research and forestry 

activities started in 1918 at PRF led to establishment of several permanent sampling plots, 

research plantations and silvicultural field trials that have been mapped using in-situ and remote 

sensing data (D’Eon, 2006). Historic and current silvicultural practices in PRF include 

shelterwood harvesting, thinning, mechanical and chemical competition control, and 

regeneration through scarification and tree planting (Wetzel et al., 2011). Hence, future patterns 

of forest stand conditions will likely be influenced by these silvicultural practices in addition to 

species competition, local abiotic conditions and disturbances such as intermediate level 

windstorm activities, insect outbreaks and fire suppression (Carleton, 2003). The FVS
Ontario

 

modelling was performed on three forest stands: white pine dominated, red pine dominated and 

tolerant hardwood stands (Fig. 4.1).   
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Figure 4.1 The study area - Petawawa Research Forest, Ontario, Canada.  Circles identify plot locations 

within each stand type (polygons) used in the forest growth model FVS. A canopy height model (CHM) 

indicates the canopy height within the study area. 

 

4.2.2 In situ and remote sensing data collection 

 

During the summers of 2007, 2009 and 2010, we established 63 circular sampling plots 

(11.28m radius; 400 m
2
) in forest stands (average tree height ≥ 5 m.) across the study area using 

a stratified random sampling design (see Appendix D and E). We extracted tree species 

composition information for each forest stand from a forest inventory performed by Dendron 

Resource Survey Inc. in 2007 to establish the sampling design. Within each plot, we collected 
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information on tree species, health status (living or dead), tree height (base of crown and top 

height), diameter at breast height (DBH; 1.3 m) and crown class (dominant, sub-dominant, 

intermediate, and suppressed) for all adult trees with a DBH ≥ 9 cm. We also established circular 

sub-plots with a radius of 3.99 m (50 m
2
) around the center of the plots to collect information on 

tree species, height and DBH for all trees with a DBH < 9 cm (i.e., the juvenile trees). The center 

location of each plot was georeferenced with a Trimble
®
 Geo XT

TM
 GPS unit with external 

antenna (300 data points were collected per location and later differentially corrected to achieve 

sub-meter accuracy). A summary of the multispectral imagery and LiDAR data used in this study 

is given in Table 4.1.   

 

Table 4.1 Summary of the multispectral and LiDAR data used in this study. 

Imputation of juvenile tree characteristics and Prediction of adult tree stem density 

Riegl Q680i (Leading Edge Geomatics 
Ltd. Lincoln, NB) - Discretized full 
waveform LiDAR  

Acquisition: August 2012 

Nominal pulse density: 48 pulses per m2 

ITC (Gougeon & Leckie, 2011) 

Leica ALS40 (M7VI, Houston, TX) - 
Discrete return LiDAR 

Acquisition: August 2006 

Nominal pulse density: 0.46 pulses per m2 

Leica ADS-80  Acquisition: summer 2010 

Spectral bands: Four (visible and near-infrared) 

Spatial resolution: 0.4 m 

Species’ relative abundance (van Ewijk et al., 2014) 

ALTM3100 sensor (Optimal 
Geomatics, Inc., Vancouver, BC) - 
Discrete return LiDAR 

Acquisition: August 2007 

Nominal pulse density: 3 pulses per m2 

Quickbird imagery Acquisition: Summer 2008 

Spectral bands: Four (visible and near-infrared) 

Spatial resolution: 2.4 m 

Leica ADS-40  Acquisition: Summer 2009 

Spectral bands: Four (visible and near-infrared) 

Spatial resolution: 0.6 m 
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4.3 Methods 

 

A general description of the steps and comparisons performed in this study is provided in 

Figure 4.2.   

 

 

Figure 4.2 A flowchart of the steps and comparisons involved in this study. Forest stands are represented 

by black hexagons with forest inventory plots (black circles) located within them. In-situ plot data and k-

NN imputed juvenile trees for sample plots are represented by parallelograms. The ITC, LiDARSD and 

LiDARSADM data are represented by squares. The sequences from left to right represent FVS
Ontario

 tree lists 

and projections based on: (I) in-situ plot data; (II) ITC and k-NN imputed plot data; and (III) LiDARSD-

SADM and k-NN imputed plot data. Future projections from sequence I are compared to II and III. 
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In-situ plot data as input for FVS
Ontario

 is compared to ABAs and an ITC approach to 

generate tree lists as input for FVS
Ontario

. ABAs included the k-NN imputation (k-NN) for 

juvenile trees, LiDAR predicted stem density (LiDARSD) and LiDAR predicted species’ relative 

abundance (LiDARSADM) for adult trees. The tree list generated from in situ plot data was then 

compared to tree lists generated from ITC and k-NN imputation and from LiDARSD-SADM and k-

NN imputation. More details of the methods are described below. 

 

4.3.1 FVS
Ontario

 

 

FVS is a distance-independent, individual-based growth model that simulates stand 

dynamics based (in part) on individual tree interactions (Crookston & Dixon, 2005). In the 

1990s, the Ontario Growth and Yield program identified FVS as an appropriate model to meet 

the goal of transforming a static forest inventory into a dynamic inventory (Woods & Robinson, 

2008). FVS
Ontario

 is based on the US Lake States (LS) variant (Bush & Brand, 1995) and the 

metric variant of FVS for interior British Columbia (Prognosis
BC

) (Snowdon, 1997; Woods & 

Robinson, 2008). Several calibration studies using long-term permanent sample plots from the 

Boreal and Great Lakes-St. Lawrence forest regions have been used to test and improve growth 

equations to better represent growing conditions in Ontario for FVS
Ontario

 (Lacerte et al., 2006).  

Key individual tree variables in FVS
Ontario

 required for model initialization are species, 

origin (i.e., natural or planted), status (i.e., live or dead) and diameter. Variables such as height, 

live crown ratio and crown radius are optional. Key variables at the stand level include sample 

plot area, dominant tree species, stand age and a site quality measure. Our model input sources 

included the four required tree model input attributes in FVS
Ontario

, plus measured or estimated 
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tree height. We included live crown ratio and crown radius for inventory and ITC data 

respectively (Table 4.2). Stand information, such as origin, dominant tree species, stand age and 

site index, was taken from the 2007 forest resource inventory (FRI) and kept the same for all of 

the different stand growth projections.  We set the time step to 5 years and growth projections 

were modeled over a total timespan of 100 years. For more detailed information on FVS’ 

variables and typical model flow see Crookston & Dixon (2005) and Appendix H. 

 

Table 4.2 FVS individual tree information input data for each of the different methods 

FVS INPUT DATA (Tree information) 

Input Variables 

 

Inventory 

Adult & Juvenile 

k-NN 

Juvenile 

ITC 

Adult 

LiDARSD-SADM 

Adult 

Species ⱱ ⱱ ⱱ ⱱ 

DBH (cm) ⱱ ⱱ ⱱ ⱱ 

*Tree Height (m) ⱱ ⱱ ⱱ ⱱ 

*Live Crown Ratio (%) ⱱ    

*Crown Radius (m)   ⱱ  

*
 are optional individual tree parameters 

 

4.3.2 LiDAR derived variables for the k-NN imputation of juvenile trees and multivariate adult tree 

stem density regression models 

 

Our set of predictor variables for the imputation of juvenile trees and prediction of adult 

tree stem density included a number of LiDAR derived variables which can be grouped into 

statistical, canopy height, canopy density/complexity and terrain predictors (Table 4.3). These 
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variables were generated in Fusion v3.42, a LiDAR viewing and analysis tool developed by the 

US Forest Service (McGaughey, 2014). All LiDAR derived variables were extracted from the 

normalized LiDAR data, except for the terrain variables. The variables were derived from all 

LiDAR returns for each raster cell, i.e., classified ground and vegetation returns, and had a 

spatial resolution of 20 m. The selection of our set of predictor variables was based on other 

studies conducted within PRF and similar forest regions worldwide that focused on 

characterizing the understory vegetation and stand density using LiDAR variables (Woods et al., 

2008; Martinuzzi et al., 2009; van Ewijk et al., 2011; van Ewijk et al., 2014). For example, the 

standard deviation of all LiDAR returns (HGTSD) has proven useful in discriminating between 

multistory and single-story forest stands (e.g., Zimble et al., 2003; van Ewijk et al., 2011). Many 

of the LiDAR height metrics are reflective of understory, mid-, and upper-canopy structural 

characteristics such as density, canopy openness and biomass distribution (Drake et al., 2002). 

Also, Bollandsås et al. (2008) found that last return and lower fraction/density LiDAR metrics 

were strongly correlated with the quantity of young trees. As a result, we added several strata 

metrics to our set of LiDAR variables. For each stratum, which was one meter high, we 

calculated the standard deviation and skewness of the LiDAR returns within that stratum. 

Canopy complexity and density metrics have successfully been used to predict stem density, 

seral stages and the vertical distribution of biomass (Goetz et al., 2007; Woods et al., 2008; van 

Ewijk et al., 2011). These canopy characteristics are affected by the number of juvenile trees 

within a stand.  
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Table 4.3 LiDAR variables used in the k-NN imputation models for juvenile trees and in the multivariate 

regression models to estimate adult tree stem density. 

Variable name Variable description 

Statistical: 

HGTSD (m) *,ǂ, § 

 

Standard Deviation of heights 

MADMOD ǂ Median of the absolute deviations from the overall mode 

MAXH (m) ǂ Maximum height 

KURT ǂ Kurtosis of heights 

Canopy height: 

P01 *,ǂ 

 

Heights 1st percentile 

P05 * Heights 5th percentile 

P10 *,ǂ Heights 10th percentile 

P30 * Heights 30st percentile 

P50 * Heights 50st percentile 

P70 *,ǂ, § Heights 70st percentile 

P90 * Heights 90st percentile 

ST2SK*,ǂ Skew of non-ground returns >1m and ≤ 2 m 

ST3SK* Skew of non-ground returns >2m and ≤ 3 m 

ST4SK* Skew of non-ground returns >3m and ≤ 4 m 

ST5SD* Standard deviation of non-ground returns >4m and ≤ 5 m 

ST6SK*,ǂ Skew of non-ground returns >5m and ≤ 6 m 

Canopy density/complexity: 

DA ǂ Canopy Density Index 

VDR * Vertical Distribution Ratio (Goetz et al., 2007) 

VCI * Vertical Complexity Index (van Ewijk et al., 2011) 

Terrain: 

PLC * 

 

Plan curvature (across the slope) 

SLOPE (o) * Slope 

 * Selected as an important variable for imputing juvenile trees 

 ǂ Selected as an important variable for predicting adult tree stem density 

 § Selected to determine the distribution of tree heights (m) over the estimated number of trees in a plot 
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We included terrain variables from the LiDAR data as well. Terrain variables are often 

used as surrogates for environmental variables such as soil depth, nutrient status and water status. 

For example, slope and curvature influence water flow and the water budget in the soil - 

important for both adult and juvenile trees. They may also affect the amount of energy available 

for all plants (Lassueur et al., 2006). Only the terrain variables: slope and plan curvature (PLC) 

were selected in our k-NN imputation variable selection procedure (see 4.3.3). To ensure that 

none of the LiDAR predictor variables were highly correlated we used the Pearson product-

moment correlation coefficient to test for correlations among our variables. None of the variables 

in Table 4.3 have correlation coefficients > 0.7.  

 

4.3.3 Juvenile tree information: k-NN imputation model development 

 

We used a k-NN imputation approach to estimate juvenile tree information for FVS
Ontario

. 

When using a single neighbor (i.e., 1-NN) approach, it is possible to generate a tree-level forest 

inventory dataset for un-sampled plots that can subsequently be used as input data in a forest 

growth model. For example, Falkowski et al. (2010) used k-NN imputation to build a virtual tree-

level forest inventory dataset that subsequently formed the input data for FVS. Using a similar 

approach, we use a multivariate k-NN imputation model to build a virtual juvenile tree dataset 

for the sampling plots present within a subset of stands, i.e., our target dataset (see Appendix D). 

All other sampling plots in our study area were used as the reference dataset. We selected the 

following four plot-level variables for our k-NN imputation model: average and top juvenile tree 

height (AHGT and THGT), average juvenile DBH (ADBH), and relative basal area of the 

dominant juvenile tree species (RBADOMSPECIES). These variables were related to the plot-level 

LiDAR variables (Table 4.3). Other settings of our k-NN imputation model were as follows: we 
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used the Forest (RF) proximity metric as our distance metrics; we used the variable selection 

procedure, varSelection in yaImpute (Crookston et al., 2014) to select the optimal LiDAR 

variables for each of the response variables; and we applied a multivariate k-NN model, 

including all four response variables. Once the final imputation model was applied to the target 

dataset, it could be determined which forest inventory plot in the reference dataset was closest, in 

terms of proximity, to each of the plots in the target dataset. This way we produced virtual tree-

level inventory data for the juvenile trees in each plot of our forest stands. The accuracy of the 

imputed juvenile tree-level inventory data was determined via the Pearson’s correlation 

coefficient (r) and the Root Mean Squared Difference (RMSD). For more detailed information 

on k-NN imputation techniques and its recent advances see the review by McRoberts (2012) and 

Appendix I.  

k-NN imputation model development was performed in R (R Development Core Team, 

2011) version 3.0.2 using the yaImpute (Crookston et al., 2014) and randomForest (Liaw & 

Wiener, 2014) R packages (see Appendix G).   

 

4.3.4 Adult tree information estimation 

 

To generate adult tree model input information for FVS
Ontario

 we used two different 

approaches. The first approach used ITC data for the PRF study site (Francois Gougeon, personal 

communication; Gougeon & Leckie, 2011). Our second approach involved the application of 

LiDAR estimated plot-level stem density and estimated tree species’ relative abundance  (van 

Ewijk et al., 2014). Both approaches provided top height and species information for each adult 

tree in a plot (Table 4.2). The ITC data also included crown radius (Table 4.2). From the top 
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height and tree species information we then derived DBH, using the reversed species-specific 

tree height equations and coefficients within FVS
Ontario

. Once we compiled all required and 

optional tree information for each plot with each approach, all the data were entered in Microsoft 

Excel
©

 and formatted according to FVS
Ontario

 guidelines.   

The ITC approach is described by Gougeon & Leckie (2011) and included ten tree 

species: P. strobus, P. resinosa, P. banksiana, P. glauca, P. mariana, Populus spp., B. 

papyrifera, A. saccharum, A. rubrum and Q. rubra. We converted the ITC data, which included 

location (x and y coordinates), tree species, tree height and crown area information, to polygon 

shapefiles in ArcGIS
®
 10.1 where the data were tested for outliers in both tree height and crown 

area. We used the 2012 LiDAR data and the 2009 ADS-40 imagery to identify and remove 

outliers. Subsequently, all ITC polygons that fell within a sample plot were extracted and 

formatted to be read into FVS
Ontario

.  

To estimate adult tree stem density (SD; stems/ha) in the second approach, we used a 

multivariate linear regression method similar to Woods et al. (2008) (see Appendix E). We first 

ran a saturated linear regression model and then compared results to simplified models that 

incorporated fewer variables using bias-adjusted Akaike’s information criterion (AICc) values. 

AICc is an adjusted AIC value that corrects for bias associated with small sample sizes (Bartoń, 

2011). Similar to Woods et al. (2008) we analyzed stem density by forest species group: (i) 

natural hardwoods, and (ii) conifers. We applied a log-transform to stem density to accommodate 

non-linearity of the response variable and to satisfy parametric statistical assumptions of 

normality of the residuals and the presence of heteroscedasticity. We back-transformed the final 

models (Baskerville, 1972) by applying a correction factor based on the standard error of the 

regression estimates. Ideally, a validation dataset that is independent of the calibration dataset is 
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used to evaluate the predictive capacity of a model. However, because of insufficient sample 

plots, we used the cross-validation PRESS (prediction of sum of squares) procedure which 

repeatedly leaves out one of the observations to obtain predicted values and residuals (Neter et 

al., 1996).  

From the estimated plot-level stem density, we derived the total number of stems per plot. 

We then randomly assigned tree heights to these stems using the plot-level LiDAR variables P70 

and HGTSD, as the mean and standard deviation, to create a normal distribution of tree heights. 

Using the predicted tree species’ relative abundance results from a previous study (van Ewijk et 

al., 2014) we assigned tree species proportional to the total number of stems per plot. This study 

included relative abundances for the following dominant species/species groups: P. strobus, P. 

resinosa, P. glauca, P. tremuloides, B. papyrifera, A. saccharum and A. rubrum, where P. 

tremuloides and B. papyrifera were merged together in an intolerant hardwood species group and 

A. saccharum and rubrum into an Acer spp. group. For more details see van Ewijk et al. (2014). 

To determine if the second approach gave consistent results we repeated the random assignments 

of heights and species to the predicted number of stems per plot through five iterations.  

To derive adult tree DBH from tree height and tree species information, via both 

approaches, we used the reversed species-specific height equations and coefficients within 

FVS
Ontario

 (Equation 4.1) (FVSOntario, 2014).   

𝐻𝑒𝑖𝑔ℎ𝑡 = 1.3 + 𝐾1 × (1 − 𝑒(−𝐾2 ×𝐷𝐵𝐻𝐾3))      (4.1) 

where K1 through K3 are species-specific coefficients.  

All statistical analyses were performed in R (R Development Core Team, 2011) version 

3.0.2 using the MuMIn (Bartoń, 2011), truncnorm (Trautmann et al., 2014), and qpcR (Spiess, 

2014) R packages (see Appendix G). 
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4.3.5 FVS
Ontario

 growth projections and comparisons 

 

To quantify the disagreement between future growth projections based on in situ 

inventory data, ITC and k-NN, and LiDARSD-SADM and k-NN estimated tree-level inventory data, 

we calculated the stand-level RMSE for FVS
Ontario

 output variables: BA, THGT, QMD and SD 

(Equation 4.2).  

 𝑅𝑀𝑆𝐸𝑓𝑢𝑡𝑢𝑟𝑒 = √∑
(𝑆𝐿𝑣𝑎𝑟𝑚𝑜𝑑𝑒𝑙,𝑖−𝑆𝐿𝑣𝑎𝑟𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑,𝑖)2

𝑛
𝑛
𝑖=1      (4.2) 

where SLvarmodel and SLvarobserved are the model and forest inventory stand-level estimates, 

respectively, of BA, THGT, QMD and SD, n is number of observations over time (i.e., 20, since 

we modeled with a time step of 5 years over a total timespan of 100 years), and i is the stand 

(i.e., white pine, red pine, and tolerant hardwood stand). Species composition was qualitatively 

compared.  

 

4.4 Results 

 

4.4.1 Juvenile tree information: k-NN imputation model results 

 

The final k-NN imputation model to create a virtual juvenile tree information dataset was 

developed using 16 out of the 21 LiDAR predictor variables (Table 4.2). Each of the imputed 

response variables was predicted by a different set of LiDAR variables determined through the 

variable selection procedure within yaImpute (Crookston et al., 2014). The general importance of 

predictor variables within the k-NN imputation model can be calculated using the scaled 
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importance value. This measure indicates the reduction in model accuracy that would result from 

removing a given predictor variable (Breiman, 2001; Liaw & Wiener, 2014). The four most 

important predictor variables were all canopy height variables, i.e. ST2SK, ST4SK, ST6SK, and 

P50 (Table 4.4). The LiDAR height variables, P50 and ST5SD, were used most frequently, 

followed by LiDAR height variables P30, ST3SK, and ST5SK (Table 4.4). Both canopy 

complexity indices, VCI and VDR, were used to predict tree height and DBH of the juvenile 

trees, and the terrain variable slope was used to predict tree height and the relative basal area of 

the dominant juvenile tree species (Table 4.4). The number of LiDAR predictor variables used 

per response variable ranged from five, for THGT, to ten, for RBADOMSPECIES (Table 4.4).   

Our final multivariate k-NN produced estimates of average and top juvenile tree height, 

average juvenile tree DBH and RBA of the dominant juvenile tree species were moderately 

correlated (0.5 ≥ r  ≤ 0.8) with the validation forest inventory variables (Table 4.5).  RMSD, a 

measure of model error for k-NN imputation models, was relatively small for the tree height and 

DBH response variables and largest for the RBA of the dominant juvenile tree species response 

variable. 
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Table 4.4 LiDAR predictor variables used in the juvenile tree k-NN imputation model and the adult tree 

multivariate stem density regression models. “Total” refers to the frequency of occurrences of each 

predictor variable. Variables with a high importance are listed in bold. 

Response 
variables*  

AHGT THGT ADBH RBADOMSPECIES SDHW SDCON Total 

(7) (5) (7) (10) (5) (6)  

LiDAR 
variable 
categories  

Statistical: 

     HGTSD 1 

    MADMOD  1 

    MAXH  1 

     KURT 1 

Canopy 
height: 

  P01  P01  2 

   P05   1 

    P10 P10 2 

 P30  P30   2 

P50 P50 P50 P50   4 

   P70  P70 2 

   P90   1 

ST2SK     ST2SK 2 

ST3SK   ST3SK   2 

  ST4SK   ST4SK 2 

ST5SD ST5SD ST5SD ST5SD   4 

  ST5SK ST5SK   2 

  ST6SK    1 

Canopy 
density / 
complexity: 

    DA  1 

VDR VDR     2 

VCI  VCI    2 

Terrain: 
   PLC   1 

SLOPE SLOPE  SLOPE   3 

* AHGT = average juvenile tree height; THGT = top juvenile tree height; ADBH = average diameter at breast 

height; RBADOMSPECIES = relative basal area of the dominant juvenile tree species; SDHW = hardwoods stem density; 

SDCON = conifers stem density  
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Table 4.5 Evaluation statistics for the juvenile trees k-NN imputation model (YAHGT, YTHGT, YADBH, 

YRBADOMSPECIES = ƒ(XAHGT, XTHGT, XADBH, XRBADOMSPECIES)) 

Plot-level variables juvenile trees r* RMSD** 

AHGT (m) 0.69 0.79 

THGT (m) 0.50 1.05 

ADBH (cm) 0.53 0.85 

RBADOMSPECIES (%) 0.53 20.65 

* r = correlation coefficient, ** RMSD = root mean squared difference 

 

4.4.2 Adult tree estimation: Stem density multivariate lineal regression results 

 

LiDAR variables explained more of the variation in adult tree stem density in the natural 

hardwood model than in the conifer model (adj. R
2
 =0.74 and 0.51 with associated RMSE values 

of 149 and 373 stems/ha for natural hardwood and conifers, respectively (Fig. 4.3)). The model 

validation PRESS RMSE values were higher than the model RMSE values, 196 versus 149 

stems/ha for natural hardwoods and 457 versus 373 stems/ha for conifers, which is expected. The 

conifer model included larger RMSE and PRESS RMSE values because of the poorer model fit.  

Field-measured DBH versus tree height in all three modeled stands generally compared 

well with the DBH and tree height relationship in the ITC and  LiDARSD-SADM approaches (Fig. 

4.4). DBH in the ITC and LiDARSD-SADM approaches was based on the reversed species-specific 

tree height equations within FVS
Ontario

. In Fig. 4.4, only the DBH and tree height relationships 

for the ITC approach are shown. However, the relationships with the LiDARSD-SADM approach 

were similar. 
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Figure 4.3 Scatterplot of the observed and predicted adult tree stem density for natural hardwoods 

(triangles, SDHW) and conifers (open circles, SDCON). Lines are the fitted lines for each model. 

 

 

Figure 4.4 Field measured DBH (open circles) versus estimated DBH for the ITC data (solid triangles) 

using the DBH-tree height equation in FVS
Ontario

. 

adj. R2 Hardwoods = 0.74 

adj. R2 Conifers = 0.51 
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Stand characteristics for the sampling plots in our modeled forest stands based on the 

different data input sources (Table 4.6) suggest that ITC is, in general, underestimating adult 

stem density, whereas k-NN in our modeled stands overestimates juvenile stem density. Juvenile 

stem density was often overestimated when more sampling plots were included in the modeled 

stand especially when stem density was imputed from the same reference sampling plot (results 

not shown). In terms of DBH, ITC and LiDARSD-SADM estimates were relatively close to 

measured DBH, as was the case with tree height. In terms of species composition, ITC and 

LiDARSD-SADM estimates included fewer adult tree species resulting from the restricted set of tree 

species included in either approach. For example, A. balsamea, B. alleghaniensis, F. grandifolia 

and T. americana adult trees were always absent in the ITC and LiDARSD-SADM approaches. Tree 

species classification errors mostly affected the ITC input dataset, e.g., P. banksiana and Q. 

rubra were erroneously added to two of the stands.   

 

4.4.3 FVS
Ontario

 growth projections and comparisons 

 

The ITC and ABA growth projections for the white pine dominated stand were most 

similar to the forest inventory projections (Table 4.7 and Fig. 4.5b). More specifically, THGT 

projections were most similar among all stands, with the exception of THGT in the ITC and k-

NN approach in the tolerant hardwood stand (Table 4.7). QMD and BA projections varied more 

among stands. Stem density projection outcomes varied the most (i.e., they had the greatest 

extremes) in the red pine dominated stand (Table 4.7 and Fig. 4.5a).   
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Table 4.6 FVS
Ontario

 model input data per forest stand and data source. Variable means and standard 

deviation (in brackets) are separated for adult (a) and juvenile (j) trees. 

Stand Variables Inventory ITC + k-NN 
LiDARSD-SADM +      
k-NN 

P. resinosa 
dom. 

Density 
(stems/plot) 

a: 131 

j: 49 

a: 37 

j: 228 

a: 89 

j:228 

DBH (cm) a: 18.1(15.39) 

j: 4.76 (2.18) 

a:23.94(9.08) 

j: 3.19(0.96) 

a: 20.84(11.03) 

j: 3.19(0.96) 

HGT (m) a: 17.1(9.34) 

j: 3.80(1.55) 

a: 24.95(5.31) 

j:2.16(0.72) 

a: 23.03(7.40) 

j: 2.16(0.72) 

Speciesa Pw, Pr, Sw, Bf, 
Bw, Pl, Pt, Mh*, 
Mr, Bd, Iw*, Mp* 

Pw, Pr, Pj, Sw, Sb, 
Bf*, Mh*, Mr, Or, 
Iw* 

Pw, Pr, Sw, Bf*,Po, 
Ma, Iw* 

P. strobus 
dom. 

Density 
(stems/plot) 

a: 75 

j: 59 

a: 32 

j: 82 

a: 62 

j: 82 

DBH (cm) a:19.78(14.07) 

j: 3.95(1.63) 

a: 25.28(11.40) 

j: 4.46(2.04) 

a: 22.18(11.35) 

j: 4.46(2.04) 

HGT (m) a:18.28(8.42) 

j: 4.12(1.62) 

a: 25.69(5.20) 

j: 3.68(1.62) 

a: 23.26(7.26) 

j: 3.68(1.62) 

Speciesa Pw, Pr, Sw, Bf, 
Bw, By, Mh, Mr, 
Or, Be, Iw, Mt* 

Pw, Pr, Pj, Sw, Bf*, 
Bw, Mh*, Mr, Be*, 
Iw*, Mp* 

Pw, Pr, Sw, Bf*, Po, 
Ma, Be*, Iw*, Mp* 

Tolerant 
Hardwood 

Density 
(stems/plot) 

a: 67 

j: 63 

a: 21 

j: 170 

a: 69 

j: 170 

DBH (cm) a:23.69(12.68) 

j: 3.60(1.23) 

a: 20.68(9.18) 

j: 3.2(0.80) 

a: 19.83(9.40) 

j: 3.2(0.80) 

HGT (m) a:19.85(6.35) 

j:2.91(1.49) 

a: 21.62(2.84) 

j: 2.44(1.12) 

a: 19.77(5.13) 

j: 2.44(1.12) 

Speciesa Pw*, Sw, Bf, By, 
Pl, Ms, Mr*, Be, 
Bd, Iw 

Pw*, Pr, Bf*, Bw, 
Po, Mh, Mr, Or, 
Be*, Iw*, Mp* 

Pw, Pr, Sw, Bf*, Po, 
Ma, Or*, Be*, Iw*, 
Mp* 

a
 Species codes are taken from FVS

Ontario
: P. strobus = Pw, P. resinosa = Pr, P. banksiana = Pj, P. glauca = Sw, P. 

mariana = Sb, A. balsamea = Bf, B. papyrifera = Bw, B. alleghaniensis = By, Populus spp. = Po, P. grandidentata 

= Pl, P. tremuloides = Pt, Acer spp. = Ma, A. saccharum = Mh, A. rubrum = Mr, Q. rubra = Or, F. grandfolia = Be, 

T. americana = Bd, O. virginiana = Iw, A. pensylvanicum = Mp, A. spicatum = Mt. * = only present in juvenile 

dataset. 
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Comparison of the final growth projections only gives a partial picture of model performance. 

RMSEFuture quantified the disagreement between approaches over time, and indicates the lowest 

disagreement for the white pine dominated stand for all four stand-level variables (Table 4.7).  

The other two stands showed more disagreements between the forest inventory, ITC and 

ABA growth model projections. In a comparison between the two prediction approaches, all 

stand-level variables RMSEFuture demonstrated that the LiDARSD-SADM and k-NN approach 

performed better, i.e., had more agreement, with the forest inventory growth projections, with the 

exception of stem density RMSEFuture  in the red pine dominated and tolerant hardwood stands 

(Table 4.7; Fig. 4.5). For that variable the ITC and k-NN approach disagreed less with the forest 

inventory model projections but still significantly more than in the white pine dominated stand.  

In terms of projected density per species from FVS
Ontario

, predictions based on ITC and 

ABA overestimated Pinus and Acer spp. and underestimated A. balsamea in the red pine stand 

(Fig. 4.6). In the white pine dominated stand, Acer spp. was overestimated and the tolerant 

hardwood species B. alleghaniensis, F. grandfolia and T. Americana underestimated. This makes 

sense as these tree species were not present in either the ITC or LiDARSADM datasets and could 

only have been included if these species existed in the k-NN juvenile tree dataset for that 

particular stand. In the tolerant hardwood stand, Pinus and Acer spp. were overestimated, the 

three tolerant hardwood species mentioned above were absent and A. balsamea was 

underestimated in both approaches. In general, more tree species were present in the forest 

inventory growth projection than in the other two approaches for reasons explained above.  
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Table 4.7 Comparison of the FVS
Ontario

 final growth projections from the different data input sources in terms of stand variables: BA, THGT, 

QMD and SD. FVS
Ontario

 growth projections for 2108 with the LiDARSD-SADM and k-NN data (n=5), and the RMSEFuture calculations of the 

comparisons per stand variable over the modeled time period (100 years). 

Stands Variables FVSOntario 2108 

projection 

Inventory   

FVSOntario 2108 

projection 

ITC + k-NN 

FVSOntario 2108 

projection 

LiDARSD-SADM + k-

NN 

RMSEFuture  

Inv - ITC + k-NN 

RMSEFuture  

Inv- LiDARSD-SADM 

+ k-NN 

P. resinosa 

dom. 

BA (m2/ha) 

THGT (m) 

QMD (cm) 

SD(stems/ha) 

48.2 

31.0 

33.5 

546 

47.6 

33.0 

23.8 

1067 

52.6 

39.0 

24.1 

1154.6 

19.16 
2.51 
10.52 
707.32 

5.07 
5.18 
7.81 
804.09 

P. strobus 

dom.  

BA (m2/ha) 

THGT (m) 

QMD (cm) 

SD(stems/ha) 

47.7 

36 

29.6 

694 

49.1 

37 

32.4 

596 

50.2 

38.8 

31.4 

648.4 

9.56 
1.88 
2.54 
108.71 

2.03 
1.76 
1.10 
70.37 

Tolerant 

hardwood 

BA (m2/ha) 

THGT (m) 

QMD (cm) 

SD(stems/ha) 

36.5 

30 

38.3 

316 

17.4 

19 

23.2 

413 

39.4 

32.4 

29.46 

578.8 

16.12 
7.35 
12.83 
465.30 

3.59 
1.14 
7.79 
535.01 
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Figure 4.5 FVS
Ontario

 stem density growth projections (a-c) and top tree height projections (d-f) from the 

forest inventory (diamond), ITC and k-NN (square), and LiDARSD-SADM and k-NN (circle) data. The 

LiDARSD-SADM and k-NN results are an average of five replicates. 
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Figure 4.6 Density per species at the end to the FVS
Ontario

 growth projections for the three stands (from 

left to right: red pine dominated (PR), white pine dominated (PW), and tolerant hardwood (THW)) with 

the three different model approaches (1: forest inventory; 2: ITC + k-NN; 3: LiDARSD-SADM + k-NN), 

where Pinus = Pinus spp., Picea = Picea spp., Abies = A. balsamea, Betula-Populus = B. papyrifera and 

Populus spp., Acer = Acer spp., Quercus = Q. rubra, Betula-Fagus-Tilia= B. alleghaniensis, F. grandfolia 

and T. Americana, and Ostraya = O. virginiana. 

 

4.5 Discussion 

 

Despite a limited number of studies, LiDAR has shown promise in estimating understory 

and juvenile tree characteristics. For example, Maltamo et al. (2005) estimated the number and 

mean height of understory trees in a boreal forest using LiDAR with R
2
 values of 0.87 and 0.76 
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respectively. Martinuzzi et al. (2009) successfully mapped understory shrub and snag 

presence/absence using LiDAR derived terrain and canopy height metrics. Our results suggest 

that our LiDAR-based predictions capture some key attributes of the juvenile tree species, but 

are insufficient for generating tree lists as input data for FVS
Ontario

. The choice and influence of 

LiDAR variables within our k-NN imputation model (Table 4.3) indicates that metrics such as 

the height percentiles and lower strata metrics are important in predicting juvenile tree species 

characteristics. Bollandsås et al. (2008) found that similar LiDAR metrics were relevant in 

analyzing the quantity and vitality of juvenile trees in a boreal forest in Norway. In addition, the 

establishment and presence of juvenile trees in a stand is often related to canopy openings and 

the presence of tall trees for seed sources. In this context it makes sense that canopy complexity, 

density and terrain variables were also included within our k-NN model. In terms of LiDAR 

variables used to predict adult tree stem density, there is some similarity with other research 

(Woods et al., 2008). Both studies include the canopy density index (DA) for natural hardwoods 

and HGTSD for conifer forest groupings in PRF. Although not exactly the same, both predictive 

models include metrics from the canopy height category. The differences found between these 

studies may be due to differences in LiDAR data density and different LiDAR variables.   

Our modeling of juvenile trees through k-NN imputation methods is difficult to compare 

to other studies since most compute and impute forest inventory variables for mature or all trees 

within sampling plots. We did impute a number of forest inventory variables for all trees (DBH ≥ 

9 cm) (results not shown) which produced comparable estimates of basal area, volume and QMD 

compared to previous work (Hudak et al., 2008; Falkowski et al., 2010). Our k-NN imputation 

results for juvenile trees were less accurate than the imputations for adult trees (Table 4.6).  
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Inclusion of juvenile tree stem density and juvenile species composition as response 

variables in the k-NN imputation or inclusion of these variables in the evaluation of a suitable k-

NN model seems necessary to generate an improved juvenile tree list. However, the predictive 

power of the juvenile stem density and species composition imputation models were very poor in 

our initial exploratory analyses. Hence, these response variables were excluded in the final k-NN 

imputation model.  

In terms of the k-NN methodology, the choice and effectiveness of distance metrics is 

very site specific (e.g. Hudak et al., 2008; Vauhkonen et al., 2010; McRoberts, 2012). The 

literature is also unclear as to whether predictor variable selection should be performed or not 

(Hudak et al., 2008;  Vauhkonen et al., 2010; Packalén et al., 2012). The use of k-NN imputation 

methods to predict forest inventory attributes does place a very high requirement on the reference 

data, as these should cover the full range of the phenomenon of interest, i.e. response variables 

(Vauhkonen et al., 2010). This requirement may be difficult to achieve given higher numbers of 

response variables. In our study, the RF k-NN approach seemed to give the best imputation 

results and a reduction of the predictor variable set did improve model results. The moderate 

juvenile tree imputation results in our study are likely a result of having a relatively small dataset 

to analyze.  

In terms of using ABA to estimate adult tree stem density, several studies have shown 

that the prediction of stem density is, in general, more difficult than the prediction of forest 

inventory variables such as BA, THGT and QMD (Maltamo et al., 2004; Woods et al., 2008; 

Vauhkonen et al., 2011). Compared to Woods et al. (2008), our stem density model performance 

(R
2
) and prediction error (RMSE) for the natural hardwood forest group is similar. However, due 
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to our sample size we were not able to split our conifer data up into natural stands and 

plantations.  Reasons for the large RMSE for the conifer group may include substantive variation 

in tree species and vertical crown distribution and impacts of previous silvicultural treatments in 

this managed forest (Woods et al., 2008). The large prediction error in stem density does explain 

the offset of the LiDARSD-SADM input dataset for FVS
Ontario

 (Fig. 4.3).  

Our subsequent application of tree heights to these stems was done by applying a normal 

distribution of tree heights to the predicted number of stems. Similar to the DBH distribution, 

this may be true for some forest stands but an inverse J-shaped, multimodal or irregular 

distribution of tree heights to stems are often observed as well, depending on seral stage, tree 

species age distribution and composition, and the presence/absence of silvicultural treatments 

(Husch et al., 2003; Thomas et al., 2008; Woods et al., 2008). The DBH distributions of the three 

different datasets at the start of the FVS
Ontario

 model runs, and to a lesser extent at the end of the 

simulation, indicate that the ITC + k-NN and LIDARSD-SADM + k-NN approaches are not 

predicting the same DBH distributions as the forest inventory data. For both approaches this may 

be due to the species-specific reversed tree height equation we used to assign DBH values to 

trees. In terms of predicting individual tree DBH from tree height, Vauhkonen et al. (2010) point 

out that both the tree density and silvicultural history of a forest stand can affect relationships 

between tree height and DBH. Hence, the accuracy of DBH estimates based on allometric 

equations may vary. Vauhkonen et al. (2010) used the k-MSN and RF imputation methods to 

estimate tree-level DBH, which they found reduced tree-level RMSEs compared to DBH 

estimations based on allometric species-specific models. In addition, the prediction of DBH at 

the tree level from height-based variables can be problematic as the DBH for a given tree height 
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can vary considerably especially for the tallest trees (Maltamo et al., 2004).  However, in our 

study, the relationships between DBH and tree height compared generally well between in-situ 

data and the data generated with the ABA and ITC approaches (Fig. 4.4). In our LiDARSD-SADM 

approach, the discrepancy in DBH distributions may further be explained by the application of a 

normal distribution of tree heights to the predicted number of stems. Thomas et al. (2008) used 

Weibull modeling for an improved prediction of diameter class distributions. In our study, the 

use of Weibull modeling to predict diameter class distributions would circumvent the prediction 

of tree heights as an intermediate step to obtain DBH.  

Generally, not all trees were detected using the ITC approach, likely because 

segmentation may have grouped multiple trees in one segment, thereby underestimating stem 

density (Maltamo et al., 2004; Lindberg et al., 2010; Vauhkonen et al., 2011). Lindberg et al. 

(2010), however, combined the use of a plot-level k-NN imputation approach with the ITC 

approach resulting in reduced estimates and biases in plot–level stem volume and density. 

Vauhkonen et al. (2011) compared several tree detection algorithms and assessed their 

performance in terms of tree detection and height estimation. They found that forest structure 

characteristics, such as tree density and spatial clustering, had more impact on the success of tree 

detection than the algorithm itself. In addition, for each algorithm, dominant trees were almost 

always detected, while most suppressed trees were not (Vauhkonen et al., 2011). Tree detection 

success and hence stem density also depends on LiDAR return density and tree species 

composition, with lower detection success rates found in deciduous forests due to more complex 

crown shapes compared to coniferous trees (Koch et al., 2006). Recently, Duncanson et al. 

(2014) used a combination of ITC algorithms that improved the discrimination of overlapping 
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tree crowns and the detection of understory trees in structurally complex forests. Such studies 

indicate that the underestimation of stem density with ITC approaches can be improved. 

Underestimation of stem density also occurred in the ITC data set that we used in our study 

(Table 4.6). We attribute this, in part, to the complex mixedwood forest characteristics of PRF, 

with highly varying tree density and spatial clustering patterns resulting from silvicultural trials.  

An accurate representation of species composition is also an important aspect of the 

model input data. The ITC and LiDARSD-SADM approaches, however, included a limited number 

of tree species. In our study the ITC dataset was restricted to ten of the dominant species present 

in PRF and the LiDARSD-SADM dataset included only five species/species groups. Both lacked a 

number of tolerant hardwood species. This resulted in an underestimation of tree species in both 

the ITC and LiDARSD-SADM datasets compared to the forest inventory dataset (Fig. 4.6). A 

compounding factor is the accuracy of the ITC species classifications and the LiDARSADM 

modeling results. Gougeon & Leckie (2011) reported an overall accuracy of 70.2%, however, 

individual species classification success ranged from 34% for A. rubrum to 81% for P. mariana 

with substantial confusion between P. glauca and P. banksiana within the conifer species and A. 

rubrum, Q. rubra and B. papyrifera within the deciduous species. Accuracy of the LiDARRBA 

predictions (van Ewijk et al., 2014) ranged from 0.53 for the Betula-Populus species grouping to 

0.74 for P. resinosa.  

In terms of the trajectories of growth projections over time between the three approaches 

(Fig. 4.5), we found both differences and similarities. Falkowski et al. (2010) identified four 

different scenarios in FVS growth projections between their forest inventory and imputed forest 

inventory datasets: (1) a near perfect agreement; (2) a constant offset of the growth projection 
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from time zero onward; (3) a growth projection divergence from agreement at time zero; and (4) 

intersecting growth projections midway through model projections with an offset at time zero. In 

our growth projections we observed similar trajectories, except for (3), and we observed an 

additional scenario (5) where growth projections converge after an offset at time zero. However, 

little consistency of the scenarios for our four variables, SD, BA, QMD and THGT, was 

observed. Falkowski et al. (2010) attributed the trajectories of (3) and (4) in their basal area 

projections to starting basal area conditions combined with density differences between small 

and adult trees between their inventory and imputed inventory. Hence, the majority of the 

trajectory scenarios can be traced back to offsets in initial starting conditions in the models.   

Forest-wide LiDAR coverage in combination with LiDAR based ITC and/or ABA to 

generate tree lists as model inputs for FVS
Ontario

 would allow for a landscape-wide 

implementation of the forest growth model rather than simple stand modeling and may serve a 

number of forest management purposes. For example, a forest-wide implementation of FVS 

would benefit the evaluation of silvicultural decisions for sustainable forest management over the 

entire PRF area. In addition it could be used for applications such as carbon and forest 

commodity accounting and wildlife habitat assessment. 

 

4.6 Conclusions 

 

In order to answer how well we can predict individual tree-level metrics, such as tree 

height, DBH and tree species, and generate tree lists as inputs for forest growth models with the 

ITC and ABA approaches we used, our results indicate that a number of aspects still need to be 
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addressed. Some of these challenges include the improvement of the juvenile tree k-NN 

imputation, by possibly including stem density and species composition, and the application of a 

Weibull model or other probability density functions (PDFs) to improve the allocation of tree 

heights or DBH to the estimated number of stems. The use of improved ITC algorithms and 

inclusion of more tree species in the LiDARSADM approach is also necessary. Our second 

question, i.e., whether we get comparable model growth projections using forest inventory 

derived input data versus our k-NN, ITC and LiDARSD-SADM approaches is in part determined by 

the differences in initial stand conditions between the three approaches. However, our study 

demonstrated some differences and similarities in trajectories of the growth projections over 

time. The advantage of using LiDAR data to generate model input for FVS
Ontario

 would be a 

landscape-wide implementation of the forest growth model which could be used to evaluate 

various alternative silvicultural decisions within the context of sustainable forest management 

and other forest ecosystem applications over larger areas. However, our study demonstrates that 

the ITC and ABA approaches still require substantial improvements or should perhaps be 

integrated along the approach of Lindberg et al. (2010).  
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Chapter 5 

General Discussion and Future Directions 

 

5.1 The Use of LiDAR derived Metrics for the Quantification of Stand Structural 

Complexity 

 

Forests demonstrate a wide range of structural characteristics and attributes which are 

related to both distinct forest successional stages and species compositions. Jones et al (2010) 

concluded that the explanatory power of LiDAR derived metrics capturing vegetation structure 

information lies in its ability to characterize distinct canopy architectures and/or growth stages. 

Moreover, they and others found that when structural stage and tree species were highly 

correlated, i.e., when a single species dominated a certain successional stage, LiDAR metrics 

improved the explanatory power in the modeled relationship for this species and hence improved 

its classification success (Anderson et al., 2008; Dalponte et al., 2008; Jones et al., 2010). In 

addition, Neuenschwander et al. (2009) argued that different tree species may have similar 

spectral signatures even though they are structurally quite different. They found that their 

classification accuracies improved by including full waveform LiDAR variables in their analysis, 

as these variables were able to discriminate between mature juniper and oaks, something that the 

Quickbird multispectral imagery could not do. The research reported in this thesis confirms these 

findings as well. Maps of predicted successional stages and the most abundant (i.e., dominant) 

species for our study site (Fig. 5.1) and the associated frequency statistics (Fig. 5.2) indicate that 

there are relationships between the predicted tree species and successional stages derived from 



 

 

131 

 

LiDAR and high spatial resolution imagery. For example, P. strobus and Acer spp. are more 

frequently observed in later stages, whereas, the Betula-Populus species group, which are early- 

to mid-successional species, declined in frequency with stand age. These patterns agree with the 

successional trajectories seen in the Great Lakes-St. Lawrence Forest Region (OMNR, 2004; 

Carleton, 2003). Relationships between growth stage and species were not only observed in 

natural forest stands but also in silviculturally managed stands. For example, P. resinosa and P. 

glauca were more frequently observed in plantations which have a more layered canopy 

structure. However, since successional stages were predicted based on their structural 

characteristics only, no temporal sequence of these successional stages can be implied from this 

research.  

Both maps in Figure 5.1 are composite or combined maps based on the analyses 

performed in Chapters 2 and 3 and convey different information than the individual maps from 

which they were created. The individual seral stage maps, for example, are probability maps 

indicating the likelihood of an area (i.e., pixel) on the map belonging to a certain successional 

stage. This information indicates that true transitions between these successional stages are 

gradual rather than abrupt as implied by the discrete successional classes in Figure 5.1a.   

The interconnections between canopy structure, growth stage and species composition 

may also explain why there is some overlap in LiDAR metrics quantifying both successional 

stage and species composition (Table 5.1). For example, the metric HGTSD (standard deviation 

of all LiDAR returns) measures the spread of LiDAR returns through the canopy and was an 

important variable for predicting old growth stages, as well as species’ abundances, and stem 

density. This measure of height variability can be viewed as a surrogate for light competition 
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(Meier et al., 2010; Midgley et al., 2010). The metric VCI (vertical complexity index) measures 

how even - or uneven - LiDAR returns are distributed through the canopy. It was an important 

variable for predicting old growth stages and associated species (i.e., P. strobus and Acer spp.). 

VCI was also important for characterizing forest stand regeneration (i.e., the presence of juvenile 

trees), indicating that its characterization of biomass distribution within the canopy is distinctive 

for regenerating stands. The vertical structure of the canopy within silviculturally managed 

stands is also quite distinctive and hence VCI contributed to the prediction of P. resinosa and P. 

glauca plantations. VDR (Vertical Distribution Ratio; Goetz et al., 2007) was another metric that 

was used for the prediction of species’ abundance as well as for the imputation of tree height of 

juvenile trees. This metric is similar to VCI in that it also captures the vertical structure of the 

canopy.  

In terms of identifying important LiDAR metrics for the prediction of succession and 

species composition, statistical analyses in Chapters 2 and 3, were performed on individual 

successional stages and individual tree species. In both chapters this aided the detection of 

relevant predictor variables per successional stage and tree species. Both analyses could be 

performed using classification approaches, which classify multiple classes at once, as well. 

However, it is unclear whether such approaches would have yielded the same predictor variable 

importance information for each individual stage or tree species.  

Spectral information, such as NDVI, also plays an important role in quantifying species 

composition (Table 5.1). Many studies emphasize the synergy between optical and LiDAR data 

for the classification and discrimination of tree species, with LiDAR providing accurate 

information on tree height and crown/canopy structure and optical imagery providing details 
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about spatial geometry and color information (Hyyppä et al., 2008; Persson et al., 2004; Ørka et 

al., 2012; Heinzel and Koch, 2012). In Chapter 3, NDVI performed well as a broad conifer-

deciduous filter in the quantification of abundance of the five dominant tree species in our study 

site.  

Direct comparisons with other studies using LiDAR to quantify succession or species 

composition, for the purpose of identifying critical LiDAR variables, is difficult for a variety of 

reasons. These include: (i) differences in the number of successional stages or species; (ii) the 

use of discrete versus full waveform LiDAR; (iii) the different metrics extracted from LiDAR 

and optical imagery; (iv) the use of ITC versus area-based approaches, including the use of 

different statistical techniques; and (v) the different scales at which studies are performed. 

However, for this research, we found that for the same study site there was overlap in LiDAR 

metrics used for predicting successional stages and species composition which might be helpful 

for reducing the list of potential LiDAR metrics applied. The statistical modeling techniques that 

were selected in Chapters 2, 3 and 4 were based predominantly on their predictive ability, the 

format of the data (i.e., nominal, ordinal or continuous) and the intended outcome. However, 

statistical models often possess some level of explanatory power and predictive accuracy. In 

addition, explanatory modeling can form the basis and/or fine-tune predictive models and vice 

versa (Shmueli, 2010). For example, the reporting on relevant LiDAR metrics related to the 

different successional stages and tree species was aimed at identifying those variables that can 

serve as proxies for drivers of the distribution of tree species over the landscape and hence can 

aid in the improvement of subsequent predictions. 
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Figure 5.1 Maps of (a) predicted successional stages; and (b) dominant tree species derived from 

the tree species’ relative abundance predictions for the study area. Areas of PRF outside of the 

flight lines are shown using a gray scale NIR band of the ADS 40 imagery. 
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Figure 5.2 Frequency/number of pixels with the most abundant tree species listed per 

successional stage. 

 

Table 5.1 High Spatial Resolution Imagery and LiDAR derived variables for the prediction of 

successional stages, relative abundance of tree species, and the imputation of juvenile tree 

characteristics. 

Forest 
Variables 

Successional 
Stages 

Relative Abundance of 
Tree Species 

Juvenile Tree 
Characteristics  

Explanatory 
Variables 

Spectral  NDVI QB 
TM QBNIR 
ADS RSD 

 

LiDAR vegetation HGTSD 
VCI 
 
pLHGT (SKEW, 
KURT, D6, P90) 

HGTSD 
VCI 
VDR 
D1 and D9 
 

 
VCI 
VDR 
P01, P05, P30, P50, P70, 
P90 
ST2SK, ST3SK, ST4SK, 
ST5SD, ST5SK, ST6SK 

LiDAR terrain  DEM 
ASPECT 

PLC 
SLOPE 
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Recently, several studies have indicated the use of full waveform LiDAR to enhance 

species classification. This has been attributed to its higher pulse density and because of the 

additional variables that can be derived from full waveform LiDAR, i.e., the amplitude 

(radiometric content) and echo width (width of the backscattered pulse) (Hollaus et al., 2014). 

Several studies have compared discrete and full waveform discretized LiDAR data and 

demonstrated that in the latter case more returns were provided. Reitberger et al. (2009) and 

Lindberg et al. (2012) found that the higher pulse density resulted in an improved detection rate 

of trees in the intermediate and lower canopy layers and in the shrub layer. Others (Heinzel and 

Koch, 2011; 2012; Hollaus 2009) have shown that the inclusion of amplitude, echo width and 

intensity from full waveform LiDAR, in combination with multi- and or hyperspectral imagery, 

increased classification accuracies for their tree species. Hollaus et al. (2014) noted however that 

the use of the additional variables from full waveform LiDAR is still relatively limited due to the 

fact that only a few software tools exist to extract these variables (e.g. echo width), and that 

calibration information is required for variables such as amplitude. 

In Chapter 4, full waveform discretized LiDAR data was used to predict a number of 

juvenile tree properties, such as height, density and species composition, based on the premise 

that higher pulse density would describe this portion of the canopy more accurately. Both 

discrete and full waveform LiDAR data have been used to characterize regeneration/juvenile 

trees, understory vegetation, and suppressed trees but often with less success compared to the 

characterization of upper canopy properties (Korpela et al., 2012). Maltamo et al. (2005) were 

able to identify separate tree canopy layers and the number of understory trees by analyzing the 

height distributions of the LiDAR returns using a histogram thresholding method. They 

concluded that the density of the dominant tree layer influenced the accuracy of their results. 
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Korpela et al. (2012) concluded that LiDAR-based height metrics derived from the understory 

had moderate correlations with both the mean height and number of understory trees in their 

study area. However, tree species discrimination based on LiDAR intensity metrics was not 

feasible (Korpela et al., 2012).  Morsdorf et al. (2010) used LiDAR derived height and intensity 

metrics to classify a subdominant oak layer and shrub vegetation under a pine dominated upper 

canopy. Even though they reported slightly better accuracies, the classification of the shrub layer 

and subdominant oak layer were problematic in complex plots due to occlusion by taller 

vegetation (Morsdorf et al., 2010).  Morsdorf et al. (2010) proposed the use of echo width rather 

than intensity for the classification of understory species composition or the use of a multi-

spectral canopy LiDAR instrument with which Morsdorf et al. (2009) assessed both the 

physiology and structure of vegetation canopies in an earlier study. My results in Chapter 4 are 

consistent with some of these findings as we had moderate success in estimating juvenile tree 

height and DBH and were unsuccessful in discriminating between species. However, juvenile 

tree stem density in our study site was poorly predicted, similar to Falkowski et al. (2010). This 

might have been due to using a k-NN imputation method rather than a regression model (as per 

Maltamo et al. 2005), since the prediction of stem density of trees with a DBH> 9 cm in our 

study site was better using a multivariate regression model.  

 

5.2 Generating Tree Lists from LiDAR and High Spatial Resolution Imagery 

 

For the purpose of forecasting future forest conditions, modern forest resource 

management systems require forest information, such as tree species and DBH, at the individual 
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tree level. In Chapter 4, two separate approaches to generate tree lists were compared, i.e., the 

single-tree approach and an area-based approach where species abundance information from 

Chapter 3, together with estimated adult tree stem density, was used to generate the lists. Both 

approaches were then combined with k-NN imputed juvenile tree information. It was concluded 

that both the single tree and area-based approaches still require substantial improvements.  

Several studies have combined single-tree and area-based methods to estimate tree lists 

from LiDAR data (e.g., Maltamo et al., 2004; Lindberg et al., 2010; Holmgren et al., 2012) or 

used a semi-ITC approach where delineated segments from a LiDAR derived surface model or 

point cloud may contain no, one or several in situ measured trees (e.g. Hyyppä et al., 2005; 

Flewelling 2008; Breidenbach et al., 2010; Breidenbach and Astup, 2014). Others have improved 

single-tree algorithms by using full waveform LiDAR and applying different algorithms for the 

upper and lower layers within the canopy (e.g., Reitberger et al., 2009; Hollaus 2009; Heinzel 

and Koch, 2011; 2012; Lindberg et al., 2013; Duncanson et al., 2014).  For example, Lindberg et 

al. (2010) used area-based diameter distribution predictions to augment the diameter distribution 

derived from ITC where they updated the number of individual trees in all diameter percentile 

groups based on area-based imputed numbers for those diameter percentiles. In terms of the 

semi-ITC approach, both parametric and nonparametric approaches have been used to determine 

the number of trees and their estimated height and DBH for each segment that was delineated in 

a LiDAR derived surface model or point cloud (Hyyppä et al., 2005; Flewelling 2008; 

Breidenbach et al., 2010). Breidenbach and Astrup (2014) concluded that a combined approach - 

e.g., regression and k-NN models, might yield better predicted results. Heinzel and Koch (2011; 

2012) showed that the inclusion of full waveform LiDAR metrics such as mean intensity and 

mean and median echo width improved species classification of delineated tree crowns. 
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However, another problem with the ITC approach is that often tree crown segmentation 

algorithms fail to detect trees below the dominant tree layer or in conditions with high tree 

densities (Lindberg et al., 2010). To capture trees below the upper canopy Lindberg et al. (2013) 

first segmented the upper canopy trees using a canopy height model and then used a k-means 

clustering approach to identify clusters that correlated to smaller trees below the upper canopy. 

Even though the clustering approach yielded more segments, not all these segments could be 

linked to in-situ measured trees (Lindberg et al., 2013). Duncanson et al. (2014) used an iterative 

watershed-based segmentation algorithm on a CHM where initially upper canopy segments were 

delineated, and subsequently segments within lower canopy layers were identified using newly 

generated canopy surfaces based on the LiDAR point cloud. With their method they successfully 

identified three canopy layers in a closed-canopy broadleaf and conifer forest. The authors 

concluded, however, that their method was still best suited for the detection of dominant and co-

dominant trees, whereas intermediate and understory trees were over-predicted and 

underestimated, respectively (Duncanson et al., 2014).  

The use of LiDAR and optical imagery derived metrics to generate tree lists as input data 

into a tree-level forest growth model (Chapter 4) was a first attempt to develop a methodology to 

generate input information for dynamic forest models. The alternative approaches listed above 

all provide new avenues to improve the generation of tree lists.  In short, the combined use of 

area-based diameter distribution predictions to augment the diameter distribution derived from 

the ITC seems a suitable approach.     

Future work can also be aimed at the validation of both succession and species abundance 

models used in Chapters 2 and 3 using data from other forested areas with similar forest 

structural complexities and species compositions. The set of LiDAR and optical imagery derived 
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metrics identified in Chapters 2 and 3 could be a starting point for LiDAR and optical imagery 

variable selection in new areas. In addition, the number of species for which species abundance 

was assessed in Chapter 3 was limited, hence future work can focus on including more deciduous 

species, such as beech and oak, within the set of analyzed tree species.  Our species abundance 

models in Chapter 3 also indicated that at higher species’ abundances model performance 

declined, suggesting that some of the biotic interactions and disturbance processes were not fully 

captured. The use of full waveform discretized LiDAR data can be explored either through the 

development of additional metrics, based for example on amplitude or echo width, or by using 

the higher pulse density associated with this type of LiDAR data, specifically aimed at 

improving the characterization of the vegetation below the upper canopy. The latter may also aid 

in an improved characterization of the juvenile trees in the lower canopy layers of forest stands.  

  



 

 

141 

 

References 

Anderson, J. E., Plourde, L. C., Martin, M. E., Braswell, B. H., Smith, M., Dubayah, R. O., 

Hofton, M.A., & Blair, J.B. (2008). Integrating waveform lidar with hyperspectral imagery 

for inventory of a northern temperate forest. Remote Sensing of Environment, 112(4), 1856–

1870. 

Breidenbach, J., & Astrup, R. (2014). The Semi-Individual Tree Crown Approach. In M. 

Maltamo, E. Næsset, & J. Vauhkonen (Eds.), Forestry Applications of Airborne Laser 

Scanning: Concepts and Case Studies, Managing Forest Ecosystems 27. Dordrecht: 

Springer Science+Business Media. 

Breidenbach, J., Næsset, E., Lien, V., Gobakken, T., & Solberg, S. (2010). Prediction of species 

specific forest inventory attributes using a nonparametric semi-individual tree crown 

approach based on fused airborne laser scanning and multispectral data. Remote Sensing of 

Environment, 114(4), 911–924.  

Carleton, T. J. (2003). Old growth in the Great Lakes forest. Environmental Review, 11, S115–

S134.  

Dalponte, M., Bruzzone, L., & Gianelle, D. (2008). Fusion of hyperspectral and LIDAR remote 

sensing data for the classification of complex forest areas. IEEE Trans Geosci. Remote 

Sensing, 46(5), 1416–1427. 

Duncanson, L. I., Cook, B. D., Hurtt, G. C., & Dubayah, R. O. (2014). An efficient, multi-

layered crown delineation algorithm for mapping individual tree structure across multiple 

ecosystems. Remote Sensing of Environment, 154(1), 378–386.  

Falkowski, M. J., Evans, J. S., Martinuzzi, S., Gessler, P. E., & Hudak, A. T. (2009). 

Characterizing forest succession with lidar data: An evaluation for the Inland Northwest, 

USA. Remote Sensing of Environment, 113(5), 946–956.  

Falkowski, M. J., Hudak, A. T., Crookston, N. L., Gessler, P. E., Uebler, E. H., & Smith, A. M. 

S. (2010). Landscape-scale parameterization of a tree-level forest growth model: a k- 

nearest neighbor imputation approach incorporating LiDAR data. Canadian Journal of 

Forest Research, 40(2), 184–199.  

Flewelling, J. W. (2008). Probability models for individually segmented tree crown images in a 

sampling context. In R. A. Hill, J. Rosette, & J. Suarez (Eds.), Proceedings of SilviLaser 

2008: 8th international conference on LiDAR applications in forest assessment and 

inventory. Edinburgh, UK. 



 

 

142 

 

Goetz, S., Steinberg, D., Dubayah, R., & Blair, B. (2007). Laser remote sensing of canopy 

habitat heterogeneity as a predictor of bird species richness in an eastern temperate forest, 

USA. Remote Sensing of Environment, 108(3), 254–263.  

Heinzel, J., & Koch, B. (2011). Exploring full-waveform LiDAR parameters for tree species 

classification. International Journal of Applied Earth Observation and Geoinformation, 

13(1), 152–160.  

Heinzel, J., & Koch, B. (2012). Investigating multiple data sources for tree species classification 

in temperate forest and use for single tree delineation. International Journal of Applied 

Earth Observation and Geoinformation, 18(1), 101–110.  

Hollaus, M., Mücke, W., Roncat, A., Pfeifer, N., & Briese, C. (2014). Full-Waveform Airborne 

Laser Scanning Systems and Their Possibilities in Forest Applications. In M. Maltamo, E. 

Næsset, & J. Vauhkonen (Eds.), Forestry Applications of Airborne Laser Scanning: 

Concepts and Case Studies, Managing Forest Ecosystems 27. Dordrecht: Springer 

Science+Business Media. 

Holmgren, J., Barth, A., Larsson, H., & Olsson, H. (2012). Prediction of stem attributes by 

combining airborne laser scanning and measurements from harvesters. Silva Fennica, 46(2), 

227–239. 

Hyyppä, J., Hyyppä, H., Leckie, D. G., Gougeon, F. A., Yu, X., & Maltamo, M. (2008). Review 

of Methods of Small-footprint Airbone Laser Scanning for Extracting Forest Inventory Data 

in Boreal Forests. International Journal of Remote Sensing, 29(5), 1339–1366. 

Hyyppä, J., Mielonen, T., Hyyppä, H., Maltamo, M., Honkavaara, E., & Kaartinen, H. (2005). 

Using individual tree crown approach for forest volume extraction with aerial images and 

laser point clouds. In G. Vosselman & C. Brenner (Eds.), ISPRS workshop laser scanning. 

September 12-14, Enschede, NL, (pp. 12–14). 

Jones, T. G., Coops, N. C., & Sharma, T. (2010). Assessing the utility of airborne hyperspectral 

and LiDAR data for species distribution mapping in the coastal Pacific Northwest, Canada. 

Remote Sensing of Environment, 114(12), 2841–2852.  

Korpela, I., Hovi, A., & Morsdorf, F. (2012). Understory trees in airborne LiDAR data - 

Selective mapping due to transmission losses and echo-triggering mechanisms. Remote 

Sensing of Environment, 119(1), 92–104.  

Lindberg, E., Holmgren, J., Olofsson, K., Wallerman, J., & Olsson, H. (2010). Estimation of tree 

lists from airborne laser scanning by combining single-tree and area-based methods. 

International Journal of Remote Sensing, 31(5), 1175–1192. 



 

 

143 

 

Lindberg, E., Holmgren, J., Olofsson, K., Wallerman, J., & Olsson, H. (2013). Estimation of tree 

lists from airborne laser scanning using tree model clustering and k-MSN imputation. 

Remote Sensing, 5, 1932–1955.  

Lindberg, E., Olofsson, K., Holmgren, J., & Olsson, H. (2012). Estimation of 3D vegetation 

structure from waveform and discrete return airborne laser scanning data. Remote Sensing 

of Environment, 118(1), 151–161.  

Maltamo, M., Eerikäinen, K., Pitkänen, J., Hyyppä, J., & Vehmas, M. (2004). Estimation of 

timber volume and stem density based on scanning laser altimetry and expected tree size 

distribution functions. Remote Sensing of Environment, 90(3), 319–330.  

Maltamo, M., Packalén, P., Yu, X., Eerikäinen, K., Hyyppä, J., & Pitkänen, J. (2005). Identifying 

and quantifying structural characteristics of heterogeneous boreal forests using laser scanner 

data. Forest Ecology and Management, 216(1-3), 41–50.  

Meier, E. S., Kienast, F., Pearman, P. B., Svenning, J.-C., Thuiller, W., Araújo, M. B., Guisan, 

A., & Zimmermann, N. E. (2010). Biotic and abiotic variables show little redundancy in 

explaining tree species distributions. Ecography, 33(6), 1038–1048.  

Midgley, G. F., Davies, I. D., Albert, C. H., Altwegg, R., Hannah, L., Hughes, G. O., O'Halloran, 

L.R., Seo, C., Thorne, J.H., & Thuiller, W. (2010). BioMove - an integrated platform 

simulating the dynamic response of species to environmental change. Ecography, 33(3), 

612-616. 

Morsdorf, F., Mårell, A., Koetz, B., Cassagne, N., Pimont, F., Rigolot, E., & Allgöwer, B. 

(2010). Discrimination of vegetation strata in a multi-layered Mediterranean forest 

ecosystem using height and intensity information derived from airborne laser scanning. 

Remote Sensing of Environment, 114(7), 1403–1415.  

Morsdorf, F., Nichol, C., Malthus, T., & Woodhouse, I. H. (2009). Assessing forest structural 

and physiological information content of multi-spectral LiDAR waveforms by radiative 

transfer modelling. Remote Sensing of Environment, 113(10), 2152–2163.  

Neuenschwander, A. L., Magruder, L.A., & Tyler, M. (2009). Landcover classification of small-

footprint, full-waveform lidar data. Journal of Applied Remote Sensing, 3(1), 1-13.  

OMNR. (1998). A Silvicultural Guide for the Tolerant Hardwood Forest in Ontario. Ontario 

Ministry of Natural Resources. Queen's Printer for Ontario, Toronto. 500 p. 

Ørka, H. O., Gobakken, T., Næsset, E., Ene, L., & Lien, V. (2012). Simultaneously acquired 

airborne laser scanning and multispectral imagery for individual tree species identification. 

Canadian Journal of Remote Sensing, 38(2), 125–138. 



 

 

144 

 

Persson, Å., Holmgren, J., Söderman, U., & Olsson, H. (2004). Tree species classification of 

individual trees in Sweden by combining high resolution laser data with high resolution 

near-infrared digital images. In Proceedings of ISPRS working group VII/2, Laser-Scanners 

for Forest and Landscape Assessments. International Archives of Photogrammetry, Remote 

Sensing and Spatial Information Science, (pp.204-207), 36, 3-6 October 2004, Freiburg, 

Germany. 

Reitberger, J., Schnörr, C., Krzystek, P., & Stilla, U. (2009). 3D segmentation of single trees 

exploiting full waveform LIDAR data. ISPRS Journal of Photogrammetry and Remote 

Sensing, 64(6), 561–574.  

Schmueli, G. (2010). To Explain or to Predict? Statistical Science, 25 (3), 289-310. 

 

  



 

 

145 

 

Chapter 6 

Conclusions 

 

Having information on successional status and species composition within an eFRI 

allows for the implementation of sustainable forest management practices and forecasting future 

forest conditions. For example, the different stages of succession are important for habitat use by 

different species (Müller and Vierling, 2014). At longer time scales, successional dynamics and 

associated changes in species composition are the primary drivers of many forest ecosystem 

processes, e.g. long-term carbon sequestration (Falkowski et al., 2009). The overall goal of this 

research was to quantify forest successional stages and model tree species composition using 

LiDAR and high spatial resolution remote sensing data. Specifically, the research objectives 

outlined in Chapter 1 have been addressed as follows: 

   

1. The LiDAR metric developed in Chapter 2 - VCI (vertical complexity index) - captured, in 

part, the vertical complexity that is associated with distinct successional stages. However, to 

fully classify successional stages other LiDAR metrics were also required. This is in line 

with findings of McElhinny et al. (2005) that structural complexity involves the interaction 

between several attributes and hence quantitative analysis of structural complexity often 

requires multiple variables. VCI, as a measure of vertical complexity, has also been found to 

be relevant for the estimation of other FRI variables. For example, VCI played an important 

role in modeling species composition (Chapter 3) and has also been identified as a key 
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variable for the estimation of basal area, gross merchantable volume, leaf area index and 

quadratic mean diameter (Penner et al., 2013; Pope & Treitz, 2013; Pitt et al., 2014).  

2. When modeling species distribution, Chapter 3 showed that at finer scales and in landscapes 

where topography plays a minor role, biotic and disturbance processes are more dominant 

features shaping species composition and abundance patterns over the landscape. From a 

remote sensing perspective, the results reported in Chapter 3 demonstrate that LiDAR 

derived metrics allow for the quantification of these biotic and disturbance processes and that 

subsequently, species composition can be characterized by the structural differences within 

the canopy caused by these processes. For example, LiDAR height metrics can be viewed as 

proxies for the quantification of the intensity of competition for light. However, optical 

remote sensing metrics are also required, emphasizing the synergy between active and 

passive sensors for modeling species composition.  

3. The characterization of juvenile trees in the understory of a forest stand is a challenge for 

LiDAR data. In Chapter 4, results indicate that full waveform LiDAR, with its higher pulse 

density, was able to capture certain components of this understory better than others, i.e. tree 

height versus stem density and species composition. From a methodological perspective, the 

k-NN imputation method that was used to quantify juvenile trees was able to provide all 

juvenile tree information required as input for the tree-level forest growth model FVS
Ontario

. 

However, imputation results were moderately successful. Improved methods, as outlined in 

e.g., Maltamo et al (2004), Breidenbach et al. (2010) and Lindberg et al. (2010; 2013), are 

still required to generate tree lists for the adult trees within the upper- and mid-canopy layers.  
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This research has broader implications for sustainable forest management, especially 

within the context of eFRI. Individual tree species’ relative abundance maps and derived 

dominant and co-dominant forest cover maps could easily be combined with LiDAR-based forest 

inventory attributes such as tree height, basal area, biomass and merchantable volume (e.g. 

Woods et al., 2008; Treitz et al., 2012) to guide forest management decisions. They may also be 

used for wildlife habitat and biodiversity related analyses or used for the calculation of 

ecosystem services such as carbon sequestration. The same is true for maps of seral stages, 

which contain equally relevant information for silvicultural practices, and wildlife habitat and 

conservation analyses. The ability to estimate lists of individual trees from LiDAR data allows 

for the inclusion of more detailed forest information, i.e., at the individual tree level in eFRIs. 

These estimated tree lists may serve a number of purposes. They may be used as model inputs to 

forest growth models to forecast future forest conditions in response to various silvicultural 

treatments. They may also be used for long-term assessment and monitoring of forest ecosystem 

processes.  
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Appendix A 

Sample data of Chapter 2: Estimation of successional stages 

PLOTID pQMD pHGT L HGTSD VCI SERAL 
STAGE 

QMDB HGT L 

1101 29.25 30.92 10.24 0.88 4 26.85 35.19 

1102 25.90 27.29 9.84 0.84 3 27.78 29.80 

1103 28.40 29.89 10.16 0.90 4 20.06 27.06 

1104 17.89 15.52 5.20 0.67 2 15.20 16.75 

1105 32.97 28.30 9.61 0.87 4 37.69 31.71 

1106 29.46 30.04 10.69 0.90 3 20.49 29.18 

1107 26.27 28.41 8.03 0.88 4 24.39 28.13 

1108 15.09 14.30 5.52 0.68 2 11.70 13.39 

1110 33.67 30.93 10.35 0.89 3 43.40 29.18 

1201 35.29 28.47 10.40 0.78 3 44.82 32.87 

1202 25.74 29.65 10.35 0.83 4 31.88 33.18 

1203 26.62 26.45 9.91 0.84 3 30.56 25.89 

1204 15.82 14.25 4.99 0.69 2 11.76 13.42 

1205 30.36 31.46 11.45 0.85 4 32.68 33.12 

1206 26.51 29.82 10.69 0.83 3 19.92 28.25 

1207 27.56 27.42 11.39 0.60 3 28.39 27.16 

1208 35.35 32.64 11.29 0.83 3 34.37 29.23 

1209 29.16 31.62 11.87 0.84 3 22.59 29.37 

1401 26.04 25.81 8.22 0.88 4 29.03 27.33 

1402 19.32 19.55 6.58 0.73 4 19.52 17.57 

1403 16.23 15.45 4.70 0.59 2 11.51 14.60 

1404 14.80 14.64 4.17 0.56 3 11.70 13.25 

1701 11.96 9.41 3.25 0.59 2 11.48 14.62 

1702 17.14 17.74 5.32 0.67 2 12.59 17.42 

1703 18.36 19.31 5.86 0.81 4 19.90 17.89 

1704 19.48 20.46 6.76 0.81 4 20.74 17.38 

1801 19.92 18.81 6.69 0.79 2 20.93 20.15 

1802 19.31 19.30 5.71 0.74 2 16.55 18.69 

1803 18.70 19.14 7.48 0.60 3 17.45 18.77 

1804 20.03 20.81 6.96 0.78 3 20.09 17.51 

2001 18.04 16.67 0.26 0.04 1 0.10 0.00 

2002 30.93 30.69 10.31 0.91 4 20.81 28.05 

2003 38.47 31.10 9.35 0.86 3 27.90 27.66 

2004 23.64 29.99 5.82 0.72 3 30.22 32.83 

2005 32.73 31.06 12.77 0.73 3 40.39 34.61 
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PLOTID pQMD pHGT L HGTSD VCI SERAL 
STAGE 

QMDB HGT L 

2006 17.44 17.20 5.98 0.76 4 20.53 19.16 

2008 19.87 19.10 6.78 0.76 3 20.52 19.72 

2009 31.39 29.79 11.87 0.73 3 35.72 31.05 

2011 22.53 21.97 7.56 0.85 4 26.62 23.08 

2012 27.84 25.19 6.61 0.83 4 21.33 22.61 

2013 16.36 16.02 5.29 0.73 4 18.79 17.81 

2014 32.72 28.32 10.05 0.92 4 32.52 25.76 

2015 17.42 18.80 5.18 0.78 4 20.59 21.58 

2016 28.63 28.26 7.71 0.89 4 35.50 30.30 

2017 49.60 33.94 9.35 0.80 3 39.61 32.75 

2019 23.95 26.30 7.57 0.88 4 26.70 29.25 

2020 21.34 21.34 8.04 0.84 4 23.20 23.80 

2022 33.31 30.58 10.71 0.87 4 29.77 31.08 

2023 23.23 22.84 7.99 0.87 4 16.52 23.10 

2024 14.97 10.13 0.35 0.09 1 0.10 0.00 

2025 16.88 16.06 0.31 0.07 1 0.10 0.00 

2201 17.32 14.41 4.25 0.67 2 14.35 14.12 

2202 15.23 15.95 5.91 0.66 2 15.59 16.15 

2203 15.03 13.28 4.22 0.64 2 10.68 12.46 

2205 15.34 15.37 4.74 0.55 2 12.54 14.36 

2206 15.03 15.32 4.73 0.64 2 12.76 14.44 

2209 11.24 8.66 2.80 0.61 2 10.35 13.54 

2211 15.43 14.07 4.45 0.66 2 11.45 13.04 

2501 14.13 15.93 4.52 0.75 3 14.52 15.58 

2502 22.12 21.89 6.94 0.83 4 21.59 22.64 

2503 26.00 28.63 8.90 0.88 4 26.99 25.38 

2701 15.59 14.57 5.66 0.75 2 14.06 15.04 

2702 28.51 26.19 8.11 0.87 4 33.16 28.55 

2703 17.05 18.70 5.51 0.79 4 19.11 18.13 

2704 22.27 21.59 6.39 0.80 3 26.56 20.97 

2705 23.33 22.66 7.20 0.82 4 28.92 17.85 

2706 19.93 23.41 7.06 0.82 4 26.72 21.72 

2801 28.40 24.25 5.52 0.72 4 31.58 23.92 

2802 27.37 24.18 6.56 0.73 3 28.56 26.24 

2803 18.95 21.45 5.41 0.76 4 19.55 21.82 

2804 25.03 25.57 5.86 0.81 3 22.48 22.05 

2805 22.48 22.20 6.53 0.74 4 22.80 20.51 

2806 26.76 23.59 6.57 0.73 3 27.42 24.47 
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Appendix B 

Sample data of Chapter 3: Tree species’ relative abundance estimation 

PLOTID X Y NDVI QB ADSR SD TM 
QBNIR 

D1 D9 HGTSD VCI VDR 

1101 312958.2 5091619 0.642016 19.72445 127.4019 0.101202 0.945019 10.41688 0.856903 0.280332 

1102 313060.3 5091599 0.644454 20.57089 126.7294 0.168655 0.949896 10.23042 0.832109 0.312804 

1103 313691.9 5094594 0.636998 21.47444 127.7923 0.105737 0.970127 9.62922 0.905996 0.494792 

1104 312734.3 5095566 0.708154 17.3465 127.1825 0.070655 0.962052 5.03364 0.714303 0.42099 

1105 312754.5 5095456 0.646589 21.13352 127.0734 0.192975 0.962959 9.77116 0.842141 0.324733 

1106 313126 5091549 0.656943 18.58635 126.7814 0.1213 0.961059 10.35272 0.882277 0.32864 

1107 312671.2 5095532 0.697419 23.17434 126.7654 0.051381 0.966903 7.99642 0.893119 0.518238 

1108 312533 5096356 0.640396 15.43435 126.7959 0.227352 0.990474 5.58908 0.718558 0.560471 

1110 313126 5094936 0.687114 22.44013 127.0092 0.284004 0.977403 10.39632 0.86231 0.603807 

1151 312660.2 5096369 0.716877 14.42851 127.0752 0.175737 0.908798 7.86994 0.826697 0.371504 

1152 313109.8 5091391 0.612083 16.2732 126.4053 0.299039 0.950299 10.2857 0.584711 0.215761 

1155 312742.7 5095418 0.64119 15.25796 127.8219 0.37143 0.885561 10.9227 0.580399 0.207162 

1156 312679.1 5095410 0.647699 19.92535 126.915 0.168015 0.927809 10.18252 0.810135 0.236465 

1201 313951.5 5094199 0.661578 17.28885 127.0209 0.414961 0.96445 9.69496 0.747623 0.847247 

1202 312533.3 5096484 0.634604 13.18691 127.1137 0.110384 0.958166 10.45952 0.836921 0.266266 

1203 314523.7 5094318 0.636829 18.64142 126.2528 0.227862 0.945724 9.28826 0.817047 0.440615 

1205 312480.4 5096279 0.668951 16.06867 126.8514 0.133062 0.948171 11.44924 0.852183 0.407653 

1206 312447 5096447 0.630521 14.08487 127.1186 0.127427 0.957215 10.51556 0.82912 0.290452 

1207 312992.1 5095281 0.62105 16.66533 126.5362 0.339747 0.81064 11.0918 0.575259 0.174368 

1208 312441.8 5096333 0.629329 13.12128 127.1058 0.119067 0.953795 10.88218 0.837621 0.468195 

1209 312282 5096399 0.644958 13.61139 127.2207 0.098823 0.948444 11.08978 0.843159 0.279337 

1254 313083.6 5096140 0.644275 17.70788 127.7845 0.168867 0.91593 9.793839 0.819079 0.439499 
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PLOTID X Y NDVI QB ADSR SD TM 
QBNIR 

D1 D9 HGTSD VCI VDR 

1256 314017.6 5094185 0.703588 18.89775 126.279 0.537021 0.969298 9.338 0.670387 0.903877 

1264 312529.9 5096522 0.627751 22.28187 127.0542 0.204964 0.968548 8.522901 0.868338 0.490212 

1401 311902.1 5094314 0.665284 21.16214 127.7012 0.118017 0.947105 7.97206 0.878952 0.493915 

1403 312005.4 5095915 0.730245 18.22452 126.5732 0.168252 0.995348 4.95648 0.656223 0.562258 

1404 312030.1 5096037 0.743781 11.68579 127.106 0.154128 0.97384 4.1227 0.609329 0.321293 

1702 314500.6 5094182 0.721628 13.85613 127.612 0.092992 0.987537 5.00014 0.71313 0.360842 

1703 311916.3 5094699 0.700358 19.32311 126.5244 0.060781 0.968798 5.1188 0.766342 0.352343 

1704 311931.1 5094413 0.70981 20.96567 127.3861 0.158564 0.953508 6.5205 0.812777 0.483796 

1801 312657.5 5091981 0.653787 21.3057 127.1458 0.168949 0.986356 6.17778 0.810285 0.520445 

1802 310749.3 5094964 0.703882 21.45213 127.4204 0.116319 0.954826 5.44578 0.736282 0.373973 

1804 312219 5091997 0.623876 18.73463 127.408 0.257378 0.98254 6.32262 0.755488 0.479852 

1807 309020.8 5096857 0.640619 20.59772 127.0519 0.156608 0.977719 6.29088 0.794927 0.696541 

2002 312116 5096348 0.62085 18.95471 127.1018 0.11202 0.959445 9.96904 0.902025 0.559752 

2003 313502.6 5092362 0.69319 25.36824 127.3018 0.118914 0.955435 9.38928 0.875194 0.416717 

2004 313280.2 5094832 0.71683 17.52599 127.0818 0.08409 0.982372 4.92588 0.740394 0.715071 

2005 313952 5094361 0.613973 18.01723 127.0967 0.255406 0.93826 11.97724 0.74944 0.265068 

2006 313298.3 5092023 0.695119 18.19577 127.3984 0.104354 0.99554 4.85992 0.705183 0.404131 

2008 310469.4 5091421 0.702171 18.13966 127.2397 0.139248 0.939852 6.16316 0.764169 0.36745 

2009 314021 5094322 0.64082 19.95174 126.7985 0.263067 0.920984 11.45154 0.74931 0.269596 

2011 312833.6 5096416 0.58641 18.72851 126.9474 0.145606 0.970809 7.18334 0.855094 0.490762 

2012 312190 5096271 0.680565 17.90617 127.0018 0.069486 0.967731 7.154 0.826398 0.34907 

2013 310533.2 5091659 0.708245 17.08524 127.4354 0.179952 0.964815 5.2067 0.750586 0.493616 

2014 313363.3 5094143 0.646805 20.29945 126.961 0.149599 0.943433 10.1604 0.922868 0.399482 

2015 312688.3 5095712 0.769922 14.34093 127.3486 0.046239 0.985068 4.91946 0.768084 0.410028 

2016 312627.8 5095640 0.696866 30.4157 127.317 0.05653 0.981886 6.73934 0.859252 0.474378 

2017 313367 5094843 0.686585 14.46924 126.7058 0.179863 0.97877 7.74128 0.781267 0.800826 
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PLOTID X Y NDVI QB ADSR SD TM 
QBNIR 

D1 D9 HGTSD VCI VDR 

2019 312544.6 5095733 0.695102 15.32021 126.8506 0.074118 0.988277 6.9339 0.863619 0.460003 

2020 312554 5096449 0.63763 15.19102 126.8214 0.184546 0.979918 8.717 0.869971 0.482027 

2022 312042 5096355 0.649678 16.84112 127.0061 0.119179 0.965751 10.3906 0.88009 0.339143 

2023 308789 5095733 0.612784 23.57232 126.7195 0.181509 0.985346 8.0835 0.868046 0.551252 

2052 313085.5 5094876 0.681137 26.41549 126.8615 0.296018 0.968286 11.6983 0.831287 0.45739 

2054 312486.9 5096301 0.651327 16.68743 126.8241 0.10907 0.960258 10.77886 0.863123 0.315702 

2060 313929.3 5094354 0.617443 18.06941 127.2326 0.291916 0.955693 11.70716 0.756361 0.301744 

2063 308722.8 5095712 0.608195 30.39633 127.0479 0.361179 0.955753 9.65736 0.770154 0.391277 

2065 313082.6 5091600 0.652956 17.20151 126.8621 0.144563 0.949877 9.58962 0.856174 0.311542 

2066 312938.3 5096302 0.684035 18.27155 127.368 0.209305 0.994658 5.81028 0.727708 0.57554 

2067 313076.5 5096251 0.64352 16.46441 127.259 0.137947 0.972156 7.74252 0.809903 0.335174 

2068 314016 5094365 0.609708 17.13456 127.1541 0.253876 0.978326 11.24378 0.82145 0.355007 

2069 314057.5 5094211 0.649936 18.9686 126.9576 0.410197 0.990718 9.724319 0.755331 0.589571 

2070 314242.9 5093972 0.65885 18.08639 126.9439 0.188889 0.943876 10.09312 0.798621 0.257589 

2501 311332.1 5096531 0.750807 16.42169 127.1081 0.070346 0.995639 4.6034 0.760206 0.566177 

2502 311659.6 5096376 0.717755 17.25845 126.8899 0.092692 0.970283 6.45998 0.809342 0.37714 

2503 311529.6 5096492 0.657891 18.20624 127.3075 0.082446 0.970172 8.33008 0.869889 0.535522 

2701 310305.3 5094933 0.710499 20.10027 127.4508 0.177998 0.981575 5.29746 0.715812 0.367358 

2702 312920.5 5095421 0.685251 17.94048 126.9957 0.07863 0.98419 6.663 0.82769 0.57759 

2703 310076 5095228 0.664015 16.21918 127.3755 0.122753 0.985888 5.8891 0.798894 0.463313 

2704 309756 5096773 0.699032 25.49748 127.0764 0.070812 0.967588 6.04792 0.747126 0.257807 

2705 309740.7 5096821 0.742741 18.39822 126.8085 0.111394 0.96903 7.1214 0.802038 0.341242 

2706 311165.1 5094752 0.725842 24.00119 126.7067 0.109062 0.945083 7.07572 0.820212 0.371263 

2801 312571.7 5095959 0.765642 17.33738 126.5281 0.045887 0.916953 5.47592 0.757354 0.262059 

2802 312422.3 5096013 0.738786 17.53258 126.9649 0.044918 0.846145 6.54422 0.776486 0.221351 

2803 312601.5 5095767 0.74972 21.2856 126.9413 0.06152 0.943618 5.58828 0.777714 0.325776 
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PLOTID X Y NDVI QB ADSR SD TM 
QBNIR 

D1 D9 HGTSD VCI VDR 

2804 312196.8 5096053 0.758796 18.01183 127.0707 0.041048 0.912493 5.65682 0.795571 0.386074 

2805 312607.5 5095390 0.745781 20.9689 126.8046 0.111165 0.858001 6.70892 0.753698 0.241723 

2806 312512.8 5095857 0.745267 22.71167 127.4021 0.071753 0.897762 6.2432 0.756528 0.259712 

3001 312063.4 5096452 0.598893 22.54971 127.4387 0.175756 0.970937 9.83416 0.815872 0.57704 

3002 312485.1 5096368 0.554599 17.31091 126.791 0.1409 0.962954 9.72646 0.835397 0.658804 

3003 312635.2 5096515 0.630722 20.91858 127.69 0.211393 0.988352 6.08718 0.758872 0.491279 

3012 312898.1 5096423 0.570065 21.76553 126.8393 0.270826 0.962777 8.12188 0.826335 0.503915 

3013 310494.1 5096960 0.623825 21.79708 127.7166 0.267558 0.975766 7.14646 0.754673 0.517962 

3015 310712.3 5096832 0.621183 18.8583 127.3206 0.10146 0.978005 6.0462 0.806546 0.494476 

3016 311163.3 5096601 0.698913 26.76309 127.4061 0.082875 0.966328 5.91696 0.793504 0.349152 

3017 309716.8 5096901 0.687734 25.47072 126.5953 0.113267 0.982709 7.55728 0.826163 0.358631 

4002 310208.4 5095158 0.610388 19.46573 126.858 0.204617 0.991554 5.56048 0.69938 0.397705 

4003 308284.8 5095738 0.614343 12.84325 126.7043 0.186078 0.994583 4.49492 0.624596 0.41564 

4005 308170.4 5095961 0.598835 14.4041 126.9631 0.190139 0.975318 5.2528 0.666014 0.339359 

4007 310834.7 5094926 0.641397 23.30603 126.9313 0.399352 0.991069 5.721 0.66009 0.516245 

4018 313068.9 5093844 0.540777 17.95259 126.6053 0.356239 0.992891 5.5662 0.642341 0.467842 

4019 311726.1 5096497 0.5951 18.70967 127.0635 0.045559 0.985343 6.3148 0.841543 0.472257 

4020 310599.3 5091399 0.615864 13.06453 127.6778 0.197707 0.961356 5.186563 0.643191 0.315583 

4021 310618 5091594 0.577752 18.3924 126.7002 0.350097 0.995804 4.24408 0.643725 0.63534 

4023 311819 5091999 0.604415 20.78547 126.9005 0.152604 0.990632 3.4047 0.581552 0.380893 

4024 311439.4 5091759 0.648981 21.57354 126.9709 0.348878 0.991341 3.26292 0.596706 0.670325 

4025 312096.8 5091760 0.582685 19.95073 126.9578 0.2067 0.99192 4.903 0.6304 0.36573 

4026 313024.5 5091835 0.582187 19.11514 126.5025 0.313703 0.983782 5.07234 0.672985 0.474732 

4027 312991.5 5093933 0.589365 13.97449 126.7802 0.240978 0.976417 5.4656 0.672396 0.389876 

4030 313930.1 5093580 0.563182 14.17572 126.8735 0.264992 0.993045 4.63448 0.682479 0.584443 

4031 313650.4 5094645 0.714417 15.87556 127.4604 0.499752 0.985367 8.63398 0.669679 0.891081 
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PLOTID X Y NDVI QB ADSR SD TM 
QBNIR 

D1 D9 HGTSD VCI VDR 

4033 313636.8 5094682 0.703859 14.23808 126.9482 0.110736 0.991479 6.49022 0.743001 0.756181 

4091 314187.2 5094338 0.712593 19.83211 126.723 0.217483 0.941917 8.90288 0.867484 0.477051 

4122 314521.9 5094378 0.611663 14.18314 127.1084 0.237116 0.929773 12.22338 0.73128 0.221881 

4205 313302.2 5091891 0.652921 11.84348 127.5459 0.240739 0.776855 10.1285 0.568795 0.140527 

4206 313382.5 5091884 0.590345 12.00388 127.2231 0.236117 0.907474 9.86584 0.706171 0.210952 

4207 313440.2 5091855 0.651311 13.00934 127.391 0.205158 0.818082 10.24902 0.702856 0.166646 

 

Table continued 

PLOTID DEM RAD SLOPE TASPECT PINUSTR PINURES PICESPP BETULA-
POPULUS 

ACER 
SPP 

1704 171.6137 2.446921 4.874535 0.904419 0 0 8 17 69 

1801 158.1924 2.519529 5.991044 1.047677 1 0 76 0 0 

1802 188.1799 2.411128 4.368045 0.962803 0 0 11 39 13 

1804 165.2122 2.431303 4.481319 1.163677 0 0 38 45 1 

1807 179.9814 2.173268 12.28314 1.180155 2 0 24 70 1 

2002 158.751 2.267908 8.108932 0.982743 76 20 0 0 4 

2003 166.4446 2.511911 2.330935 1.109304 47 0 0 0 53 

2004 165.8743 2.433035 4.059967 1.075374 0 0 0 100 0 

2005 154.9348 2.411106 2.943954 1.059019 85 11 5 0 0 

2006 166.5072 2.478066 0.823791 1.115982 2 26 21 0 31 

2008 174.1922 2.40551 5.697742 1.045398 3 0 9 40 19 

2009 160.8235 2.478373 2.107429 1.067165 44 52 0 3 0 

2011 149.7444 2.463886 2.303293 1.021556 28 0 69 0 3 

2012 163.2684 2.277726 8.352636 1.03651 21 0 6 38 14 
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PLOTID DEM RAD SLOPE TASPECT PINUSTR PINURES PICESPP BETULA-
POPULUS 

ACER 
SPP 

2013 178.2589 2.472342 1.612503 1.149534 24 0 4 61 4 

2014 158.5407 2.55056 5.211074 0.853281 75 0 6 5 6 

2015 172.2121 2.475018 10.03915 0.950388 0 0 29 0 25 

2016 168.3302 2.598014 10.15441 1.072595 72 0 0 2 22 

2017 161.4016 2.466037 2.339699 1.071007 85 0 8 0 7 

2019 179.722 2.464367 1.510995 1.127433 62 0 25 5 7 

2020 154.697 2.442978 4.062242 1.230221 47 21 0 2 29 

2022 161.2489 2.142094 13.04618 1.024619 97 0 0 1 1 

2023 199.6769 2.227745 10.13404 1.196074 72 15 0 0 2 

2052 165.1835 2.440354 3.864025 1.119123 100 0 0 0 0 

2054 161.985 2.456071 7.798926 1.103044 60 29 1 3 2 

2060 155.0273 2.452569 2.89605 0.989989 78 15 1 6 0 

2063 197.913 2.43944 3.077361 1.192602 82 17 0 0 0 

2065 168.5776 2.482872 3.460866 0.952834 70 22 0 0 1 

2066 156.2129 2.417446 5.566053 1.003894 83 7 0 0 5 

2067 158.1077 2.331596 6.946513 1.016096 74 17 0 0 5 

2068 157.5507 2.17782 12.2641 0.871766 51 44 0 4 0 

2069 161.2756 2.423745 3.447555 1.01699 50 47 1 0 0 

2070 162.2579 2.45319 3.673736 1.039126 66 21 0 0 0 

2501 165.4012 2.322466 6.009589 1.110868 0 0 0 42 50 

2502 165.566 2.432946 2.41733 1.031764 0 0 2 41 30 

2503 166.8881 2.365547 5.252175 1.119819 74 0 2 1 8 

2701 198.5973 2.391217 7.375154 0.965416 0 0 19 27 41 

2702 165.2252 2.450374 2.288506 0.907466 82 0 0 0 17 

2703 193.1327 2.427236 3.067177 1.023168 0 0 0 19 70 

2704 166.8565 2.367105 4.43602 1.019153 0 0 14 0 35 
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PLOTID DEM RAD SLOPE TASPECT PINUSTR PINURES PICESPP BETULA-
POPULUS 

ACER 
SPP 

2705 163.7729 2.432322 2.397844 1.063188 0 0 0 13 61 

2706 185.9425 2.383259 4.343083 1.014673 0 0 0 0 93 

2801 165.3031 2.384887 4.137412 1.090121 0 0 1 0 47 

2802 168.6741 2.355481 6.280661 1.016279 0 0 0 0 37 

2803 178.9593 2.351805 5.280044 1.03738 0 0 7 3 36 

2804 178.8674 2.471731 6.277308 0.902593 0 0 5 49 18 

2805 175.1585 2.464906 2.940554 0.935312 0 0 1 0 54 

2806 174.9246 2.389241 3.897317 0.970629 0 0 0 0 32 

3001 153.7521 2.408565 3.936092 0.954926 77 16 0 0 2 

3002 157.3084 2.307966 7.322722 1.141855 19 81 0 0 0 

3003 164.145 2.445427 4.511152 0.882211 82 12 0 3 4 

3012 150.3878 2.459285 2.847554 1.054344 9 0 91 0 0 

3013 146.6086 2.463584 2.018155 1.149534 0 0 7 0 22 

3015 161.3347 2.307162 6.629963 1.024137 0 0 17 59 18 

3016 167.2036 2.346261 6.187483 0.991468 0 0 0 0 46 

3017 156.9699 2.275151 8.06759 0.94549 0 0 0 0 44 

4002 188.7863 2.411742 3.282541 1.004184 0 0 100 0 0 

4003 202.9934 2.477146 2.306785 1.018834 0 0 100 0 0 

4005 205.1091 2.447567 2.156111 0.924447 0 0 100 0 0 

4007 193.8571 2.40166 4.205807 1.000684 16 0 4 12 6 

4018 167.2918 2.444824 1.802989 0.869184 0 0 100 0 0 

4019 158.8469 2.38536 6.058749 1.139216 0 0 97 0 0 

4020 180.3271 2.475176 1.548069 0.91008 0 0 100 0 0 

4021 175.6181 2.452869 3.690431 0.983241 0 0 100 0 0 

4023 160.8751 2.377659 4.632988 0.980374 0 0 100 0 0 

4024 168.2632 2.387403 4.577967 1.01709 3 0 56 0 0 
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PLOTID DEM RAD SLOPE TASPECT PINUSTR PINURES PICESPP BETULA-
POPULUS 

ACER 
SPP 

4025 160.204 2.456582 1.448488 0.962858 0 0 98 0 0 

4026 165.3868 2.408963 3.612041 1.048024 0 0 100 0 0 

4027 167.0991 2.457108 1.573685 1.149857 0 0 100 0 0 

4030 160.3048 2.448433 1.874787 0.953077 0 0 70 0 0 

4031 152.7032 2.482488 3.048139 1.023495 50 50 0 0 0 

4033 152.6468 2.49333 1.435616 1.153108 100 0 0 0 0 

4091 160.1738 2.557398 6.016755 0.940803 23 77 0 0 0 

4122 154.2566 2.460459 1.483571 1.071488 2 89 4 0 1 

4205 167.5712 2.509185 1.760416 1.06641 0 100 0 0 0 

4206 167.798 2.423815 2.453384 1.016188 0 100 0 0 0 

4207 167.8098 2.500792 1.815125 0.994272 0 100 0 0 0 
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Appendix C 

Sample data statistics of Chapter 3: Tree species’ relative abundance estimation 

Sample plot statistics showing the frequency distributions of the spectral and LiDAR-derived variables used in the SADMs. 

Variables Biotic & Disturbance Variables Topographic Variables 

Spectral LiDARvegetation LiDARterrain 

Quantiles 

(%) 

NDVI 

QB 

TM 

QBNIR 

ADSR 

SD 

HGTSD D1 D9 VCI VDR DEM SLOPE TASPECT TWI PEI RAD 

100 0.77 127.82 30.42 12.22 0.54 1.00 0.92 0.90 205.11 13.05 1.29 7.22 74.68 2.60 

99.5 0.77 127.82 30.42 12.22 0.54 1.00 0.92 0.90 205.11 13.05 1.29 7.22 74.68 2.60 

97.5 0.76 127.79 27.95 11.80 0.44 0.99 0.90 0.86 200.76 12.27 1.21 7.05 69.03 2.55 

90 0.73 127.45 23.21 10.89 0.34 0.99 0.87 0.61 185.32 8.06 1.15 5.43 61.51 2.50 

75 0.70 127.31 20.93 9.89 0.24 0.98 0.84 0.51 174.31 6.03 1.08 4.68 55.82 2.47 

50 0.65 127.03 18.22 7.17 0.16 0.97 0.78 0.41 165.35 4.13 1.02 3.63 51.33 2.43 

25 0.62 126.82 16.26 5.59 0.11 0.95 0.72 0.32 159.06 2.44 0.97 3.15 47.93 2.39 

10 0.59 126.67 13.94 4.92 0.07 0.92 0.64 0.25 154.57 1.61 0.91 2.82 43.02 2.33 

2.5 0.56 126.36 11.95 3.89 0.05 0.82 0.58 0.17 150.18 1.26 0.87 2.44 36.07 2.18 

0.5 0.54 126.25 11.69 3.26 0.04 0.78 0.57 0.14 146.61 0.82 0.85 2.22 32.20 2.14 

0 0.54 126.25 11.69 3.26 0.04 0.78 0.57 0.14 146.61 0.82 0.85 2.22 32.20 2.14 
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Appendix D 

Sample data of Chapter 4: k-NN imputation of juvenile tree information 

PLOTID P01 P05 P30 P50 P70 P90 ST2SK ST3SK ST4SK ST5SD ST5SK 

4 -0.07 -0.01 6.24 9.49 17.40 26.58 2.07 0.01 -0.11 0.29 0.00 

5 -0.01 0.11 10.74 15.73 21.65 26.61 3.04 -0.36 0.00 0.26 0.28 

20 -0.03 0.02 10.20 19.13 23.64 27.60 3.00 -0.27 -0.41 0.30 -0.41 

26 -0.02 0.02 9.48 14.62 19.94 24.98 1.18 0.00 0.04 0.30 0.12 

1101 -0.05 -0.01 1.50 10.12 24.75 30.23 1.10 0.05 0.45 0.29 0.00 

1102 -0.05 -0.01 5.90 14.51 23.36 26.82 1.27 0.32 -0.29 0.27 -0.13 

1103 -0.01 0.08 10.45 15.04 22.57 29.57 1.39 -0.08 -0.01 0.29 -0.11 

1104 -0.03 0.01 13.19 15.78 17.81 20.33 4.42 -0.82 -0.22 0.29 -0.09 

1105 -0.02 0.26 8.78 19.64 24.80 28.42 0.89 -0.21 -0.20 0.29 0.00 

1106 -0.03 0.00 11.33 20.05 27.28 31.59 2.56 -0.28 0.13 0.29 0.12 

1107 -0.02 0.05 12.43 15.31 18.84 27.28 3.35 0.11 0.28 0.28 -0.04 

1110 0.00 1.34 14.44 18.55 23.39 30.34 0.43 0.18 0.29 0.29 0.18 

1201 -0.04 0.00 2.91 5.20 13.77 24.48 0.85 -0.06 -0.02 0.30 -0.05 

1203 -0.03 0.01 13.18 19.83 23.53 26.90 1.65 0.20 0.00 0.26 -0.06 

1207 -0.03 -0.01 1.65 20.88 23.30 25.13 0.76 0.31 0.56 0.25 -0.16 

1401 -0.01 1.23 11.53 14.51 17.69 23.04 0.77 0.07 0.04 0.30 0.06 

1702 -0.04 0.00 8.93 13.78 15.72 17.43 2.84 -0.20 -0.20 0.28 -0.04 

1703 -0.03 0.09 7.49 11.52 14.80 18.49 0.91 -0.09 -0.21 0.29 0.14 

1704 -0.04 0.09 7.09 12.03 15.43 19.44 1.30 -0.16 -0.04 0.27 0.02 

1801 -0.03 0.00 7.74 11.96 15.27 19.92 2.31 -0.05 -0.40 0.29 -0.07 

1802 -0.03 0.00 10.77 14.60 16.81 19.21 2.58 -0.33 -0.14 0.29 -0.05 

1804 -0.03 0.02 9.58 13.07 16.85 20.02 1.66 0.12 -0.24 0.31 -0.30 

2003 -0.02 0.09 18.46 23.42 29.27 33.91 1.45 -0.06 -0.01 0.27 -0.27 
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PLOTID P01 P05 P30 P50 P70 P90 ST2SK ST3SK ST4SK ST5SD ST5SK 

2004 -0.01 0.09 7.16 9.00 11.65 16.98 2.01 0.01 -0.16 0.28 -0.20 

2005 -0.04 0.00 8.23 23.17 27.37 30.86 1.19 0.03 -0.08 0.29 0.35 

2006 -0.02 0.00 10.12 13.91 16.26 18.65 1.90 0.14 -0.19 0.30 -0.02 

2009 -0.04 0.00 16.59 24.92 27.58 29.81 1.28 -0.07 0.18 0.32 0.22 

2011 -0.02 0.03 7.22 13.12 17.48 21.78 0.95 -0.05 -0.12 0.29 -0.08 

2013 -0.04 0.01 7.42 10.66 13.35 16.74 1.05 -0.39 -0.04 0.29 -0.16 

2014 -0.01 0.17 10.44 15.71 20.27 26.16 1.05 0.25 0.10 0.29 -0.05 

2015 -0.02 0.59 12.14 14.80 17.11 19.76 2.59 -0.06 -0.16 0.28 -0.14 

2016 -0.02 0.57 12.38 17.02 20.83 26.64 1.02 -0.22 0.17 0.30 -0.30 

2017 -0.02 0.06 6.77 8.92 11.74 20.74 0.83 -0.02 -0.26 0.29 -0.15 

2019 -0.01 0.32 11.87 15.97 20.22 25.81 1.98 -0.07 -0.24 0.30 0.01 

2501 -0.01 0.08 10.09 12.51 14.95 18.53 2.05 0.03 -0.12 0.27 -0.29 

2701 -0.04 0.00 7.50 11.13 13.99 17.27 1.63 0.05 -0.07 0.27 0.06 

2702 -0.01 0.48 14.72 19.10 22.35 26.52 1.41 -0.95 -0.15 0.30 -0.10 

2703 -0.02 0.08 10.75 13.77 16.31 19.76 2.41 -0.01 -0.14 0.29 -0.03 

2704 -0.01 0.95 14.77 18.00 19.91 21.95 1.05 -0.25 -0.06 0.29 -0.08 

2705 -0.01 0.95 12.61 17.89 20.28 22.71 1.01 0.11 0.04 0.29 -0.41 

2706 -0.05 0.13 9.01 13.43 17.65 21.37 1.28 -0.14 -0.06 0.29 -0.21 

2805 -0.01 0.20 13.25 16.90 19.08 21.01 1.25 -0.06 0.25 0.28 0.09 

6 -0.03 0.01 8.61 11.60 16.61 24.33 2.57 -0.08 -0.11 0.27 -0.10 

7 -0.06 0.00 8.29 11.07 14.58 22.83 3.64 -0.06 -0.06 0.28 -0.14 

8 -0.05 0.00 10.01 12.96 16.57 21.95 3.28 -0.56 -0.25 0.27 -0.10 

1108 -0.05 -0.01 5.21 9.24 12.32 15.73 1.77 0.09 0.03 0.31 -0.01 

1202 -0.02 0.07 11.76 24.24 27.74 30.33 0.68 0.14 0.07 0.27 -0.17 

1205 -0.03 0.03 9.37 21.81 28.33 31.29 1.44 0.05 -0.05 0.31 -0.27 

1206 -0.02 0.00 9.98 21.54 26.26 29.13 2.38 -0.10 -0.09 0.26 -0.35 

1208 -0.04 0.00 4.67 8.97 16.00 27.19 1.51 -0.09 -0.12 0.29 -0.01 
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PLOTID P01 P05 P30 P50 P70 P90 ST2SK ST3SK ST4SK ST5SD ST5SK 

1209 -0.02 0.00 10.02 24.84 29.18 31.73 2.17 -0.26 -0.35 0.27 -0.18 

1403 -0.05 -0.01 7.56 12.05 13.97 17.71 2.68 -0.33 0.04 0.29 0.05 

1404 -0.06 -0.02 3.65 7.45 11.33 13.20 2.78 0.03 -0.25 0.28 -0.10 

2002 -0.02 0.01 7.10 10.72 22.28 28.49 1.07 0.11 -0.04 0.27 -0.13 

2012 -0.01 0.97 12.82 18.22 22.84 28.08 2.15 -0.14 -0.05 0.30 -0.05 

2020 -0.02 0.03 9.83 15.87 21.01 25.82 0.20 0.65 -0.01 0.29 -0.02 

2502 -0.02 0.04 13.01 16.32 18.90 22.34 1.79 0.29 -0.11 0.26 -0.29 

2503 -0.04 0.01 8.26 14.27 18.94 25.48 2.34 0.01 -0.23 0.27 -0.06 

2801 -0.02 0.08 15.54 18.74 20.76 22.94 2.83 -0.08 -0.26 0.33 -0.54 

2802 -0.02 0.39 16.29 19.80 21.99 24.04 1.85 -0.59 -0.03 0.27 0.26 

2803 -0.01 0.81 12.85 15.90 18.17 20.46 2.16 0.09 0.03 0.28 -0.31 

2804 -0.03 0.02 14.33 17.32 19.63 22.84 2.70 -0.14 0.22 0.31 -0.19 

2806 -0.01 1.71 16.81 19.63 21.70 23.56 2.21 0.20 0.75 0.29 -0.15 
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Table continued 

PLOTID ST6SK VDR VCI PLC SLOPE UAHGT UTHGT UADBH DOM 
SPECIES 

RBA 

DOMSPECIES 
REF-

TARGET 

4 -0.08 0.63 0.82 -0.27 7.26 4.42 6.00 3.86 ACER 37.64 R 

5 -0.40 0.49 0.85 1.07 3.43 4.72 6.00 3.76 ACER 84.99 R 

20 -0.14 0.50 0.87 1.66 6.47 2.95 4.10 3.55 ACER 38.74 R 

26 -0.21 0.56 0.86 0.91 3.29 3.73 3.90 4.09 ABIE 52.13 R 

1101 0.12 0.63 0.79 1.08 2.68 4.67 5.40 4.54 ABIE 75.97 R 

1102 0.11 0.56 0.80 -0.31 6.30 4.58 5.10 5.50 ABIE 53.21 R 

1103 -0.10 0.55 0.90 -0.69 1.19 2.82 4.00 3.00 ABIE 89.74 R 

1104 -0.29 0.46 0.73 0.05 5.29 6.00 6.00 7.00 ACER 100 R 

1105 0.08 0.50 0.89 2.56 7.44 3.98 5.70 3.43 ACER 33.88 R 

1106 -0.01 0.51 0.89 0.89 1.11 3.85 4.40 5.15 ABIE 82.08 R 

1107 0.22 0.55 0.86 0.14 8.69 5.29 5.38 4.25 ACER 100 R 

1110 0.22 0.50 0.90 1.13 6.03 2.27 3.90 3.23 ACER 18.23 R 

1201 0.14 0.68 0.74 0.44 5.67 2.92 4.30 3.62 PINU 78.96 R 

1203 -0.12 0.45 0.82 -0.86 3.09 2.00 2.00 3.00 PINU 47.15 R 

1207 -0.41 0.48 0.61 -0.09 1.23 2.04 2.20 3.00 PINU 76.09 R 

1401 0.14 0.52 0.84 0.37 6.18 2.67 4.60 3.51 ABIE 78.56 R 

1702 -0.47 0.45 0.70 1.24 5.58 5.00 6.00 5.79 ACER 86.96 R 

1703 0.05 0.53 0.80 0.53 3.34 3.16 5.00 3.44 ABIE 55.42 R 

1704 0.19 0.55 0.78 0.10 3.58 2.31 3.50 3.18 ACER 45.99 R 

1801 -0.15 0.56 0.79 -1.27 3.79 2.25 2.30 3.50 ACER 35 R 

1802 -0.30 0.46 0.74 0.19 4.21 4.25 4.25 5.75 ACER 57.37 R 

1804 -0.15 0.47 0.79 1.69 1.71 2.21 3.20 3.10 ACER 83.33 R 

2003 0.01 0.43 0.89 -0.12 3.26 2.00 2.00 3.00 PINU 47.62 R 

2004 -0.14 0.64 0.77 -1.49 5.07 4.35 6.00 3.72 ACER 41.72 R 
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PLOTID ST6SK VDR VCI PLC SLOPE UAHGT UTHGT UADBH DOM 
SPECIES 

RBA 

DOMSPECIES 
REF-

TARGET 

2005 0.00 0.49 0.79 -0.38 1.36 2.01 2.20 3.00 PINU 80.7 R 

2006 0.00 0.49 0.75 -0.61 0.82 3.14 4.80 4.00 ABIE 39.3 R 

2009 -0.42 0.42 0.75 0.29 4.59 2.00 2.00 3.00 PINU 60.71 R 

2011 0.12 0.58 0.84 -0.76 1.79 5.08 5.40 4.50 ACER 100 R 

2013 -0.25 0.52 0.74 0.32 2.46 2.89 3.60 3.56 ACER 85.6 R 

2014 0.09 0.58 0.89 0.03 3.52 3.20 5.10 3.06 ACER 94.56 R 

2015 -0.08 0.47 0.77 0.86 9.19 3.43 5.80 3.51 ACER 93.59 R 

2016 -0.19 0.52 0.87 -0.68 9.81 3.26 5.60 3.52 ACER 59.43 R 

2017 -0.13 0.68 0.79 -0.40 2.29 4.56 6.00 3.76 POPU 43.64 R 

2019 0.14 0.50 0.87 0.34 1.73 3.21 4.50 3.42 ACER 81.41 R 

2501 -0.14 0.52 0.78 0.02 6.90 5.23 6.00 4.79 POPU 61.01 R 

2701 -0.13 0.56 0.75 -1.47 7.47 4.26 5.80 5.59 ACER 39.25 R 

2702 -0.20 0.47 0.88 -0.23 1.17 4.14 4.90 5.00 ACER 57.49 R 

2703 0.09 0.51 0.79 -0.73 3.74 2.76 5.30 3.52 ABIE 70.75 R 

2704 0.20 0.42 0.78 0.50 4.77 2.26 2.90 3.00 TSUG 45.16 R 

2705 0.23 0.42 0.81 0.10 2.67 2.45 4.40 3.38 TSUG 29.25 R 

2706 0.04 0.51 0.83 -0.93 6.94 3.51 5.60 4.00 FRAX 39.64 R 

2805 -0.33 0.41 0.77 0.10 2.62 2.25 2.70 3.36 ABIE 97.29 R 

6 0.02 0.61 0.84 -0.19 7.13 4.47 6.00 4.15 ACER 59.48 T 

7 -0.34 0.62 0.81 -0.26 3.34 4.16 6.00 3.82 ACER 45.01 T 

8 0.12 0.56 0.80 0.76 3.39 4.20 6.00 4.93 QUER 79.78 T 

1108 -0.15 0.65 0.72 -2.95 11.27 3.50 4.10 4.71 PINU 61.06 T 

1202 -0.03 0.46 0.86 0.73 4.81 3.38 4.90 4.17 ACER 69.34 T 

1205 -0.15 0.48 0.86 -0.45 6.62 3.71 5.20 4.14 ACER 77.67 T 

1206 -0.02 0.47 0.85 -0.63 5.73 3.58 4.60 4.16 ABIE 56.85 T 

1208 -0.19 0.68 0.78 -1.55 5.57 4.92 6.00 4.65 PINU 81.51 T 
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PLOTID ST6SK VDR VCI PLC SLOPE UAHGT UTHGT UADBH DOM 
SPECIES 

RBA 

DOMSPECIES 
REF-

TARGET 

1209 -0.09 0.46 0.85 0.62 3.64 3.57 5.00 4.75 ACER 30.14 T 

1403 -0.04 0.51 0.71 -0.11 2.52 4.82 5.10 5.36 QUER 88.41 T 

1404 0.03 0.54 0.64 -0.67 5.75 3.63 5.10 4.68 QUER 70.24 T 

2002 0.03 0.60 0.87 -2.76 11.88 4.35 5.90 3.43 BETU 71.15 T 

2012 0.00 0.49 0.88 -0.86 7.77 3.56 3.80 4.40 FAGU 29.35 T 

2020 -0.06 0.55 0.86 0.01 4.41 2.41 3.50 3.38 ACER 58.49 T 

2502 -0.29 0.46 0.81 0.12 2.27 2.95 4.20 3.80 ABIE 89.89 T 

2503 -0.17 0.56 0.84 -0.03 7.26 4.81 6.00 4.73 ACER 38.02 T 

2801 -0.04 0.36 0.77 2.56 7.35 2.44 3.20 3.30 ABIE 55.56 T 

2802 -0.06 0.36 0.76 0.38 6.33 3.30 4.50 3.90 ACER 45.48 T 

2803 -0.31 0.36 0.76 1.64 4.35 3.10 5.70 3.35 ACER 90.09 T 

2804 -0.25 0.45 0.79 1.09 5.78 3.19 4.30 3.94 ABIE 57.95 T 

2806 -0.69 0.32 0.75 -1.05 3.23 2.74 3.40 3.42 ACER 62.55 T 
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Appendix E 

Sample data of Chapter 4: Adult tree stem density estimation 

PLOTID HGTSD MADMOD MAXH KURT P01 P10 P70 ST2SK ST4SK DA SD Forest 
Group 

4 9.51 9.69 32.73 1.96 -0.07 0.02 17.40 2.07 -0.11 0.36 275 C 

5 8.09 15.82 31.54 2.24 -0.01 6.04 21.65 3.04 0.00 0.42 225 C 

6 7.96 11.80 32.26 2.38 -0.03 1.42 16.61 2.57 -0.11 0.42 325 H 

7 7.46 11.33 30.69 2.61 -0.06 0.10 14.58 3.64 -0.06 0.46 275 H 

8 7.10 13.13 29.07 2.36 -0.05 0.50 16.57 3.28 -0.25 0.43 450 H 

20 9.25 19.25 33.52 1.89 -0.03 3.31 23.64 3.00 -0.41 0.39 450 C 

26 8.32 14.82 31.85 2.03 -0.02 0.85 19.94 1.18 0.04 0.37 1100 C 

1101 12.19 10.37 35.86 1.43 -0.05 0.01 24.75 1.10 0.45 0.47 1025 C 

1102 10.49 14.64 32.03 1.45 -0.05 0.02 23.36 1.27 -0.29 0.40 700 C 

1103 9.79 15.16 36.07 2.03 -0.01 2.24 22.57 1.39 -0.01 0.45 1150 C 

1104 6.05 15.98 26.37 3.72 -0.03 2.09 17.81 4.42 -0.22 0.45 1250 C 

1105 9.99 19.80 33.76 1.65 -0.02 2.62 24.80 0.89 -0.20 0.39 450 C 

1106 10.95 20.18 37.84 1.78 -0.03 0.22 27.28 2.56 0.13 0.38 1800 C 

1107 7.99 15.58 35.46 2.95 -0.02 4.88 18.84 3.35 0.28 0.45 950 C 

1108 5.86 9.39 24.39 2.10 -0.05 0.10 12.32 1.77 0.03 0.35 2300 C 

1110 8.95 11.66 37.02 2.63 0.00 4.77 23.39 0.43 0.29 0.42 400 C 

1151 11.06 21.13 27.92 1.19 -0.04 0.01 23.33 0.68 0.16 0.46 1200 C 

1201 9.38 5.35 29.82 1.91 -0.04 0.02 13.77 0.85 -0.02 0.40 150 C 

1202 10.45 20.45 35.63 1.83 -0.02 3.02 27.74 0.68 0.07 0.37 650 C 

1203 9.32 19.98 30.75 2.17 -0.03 0.18 23.53 1.65 0.00 0.39 525 C 

1205 11.25 21.96 35.57 1.50 -0.03 1.99 28.33 1.44 -0.05 0.37 650 C 

1206 10.25 21.66 33.67 1.73 -0.02 2.22 26.26 2.38 -0.09 0.37 1700 C 
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PLOTID HGTSD MADMOD MAXH KURT P01 P10 P70 ST2SK ST4SK DA SD Forest 
Group 

1207 10.93 20.97 27.53 1.28 -0.03 0.00 23.30 0.76 0.56 0.49 625 C 

1208 9.90 9.12 35.77 2.60 -0.04 0.03 16.00 1.51 -0.12 0.40 325 C 

1209 11.57 24.93 36.21 1.61 -0.02 0.23 29.18 2.17 -0.35 0.39 1375 C 

1264 9.44 18.76 27.58 1.89 -0.02 1.41 23.66 0.30 0.15 0.36 525 C 

1401 6.80 7.81 29.27 2.68 -0.01 3.55 17.69 0.77 0.04 0.45 650 H 

1403 6.23 12.20 22.42 2.20 -0.05 0.02 13.97 2.68 0.04 0.43 950 H 

1404 5.01 7.63 15.40 1.60 -0.06 0.00 11.33 2.78 -0.25 0.35 1225 H 

1702 5.97 13.98 20.61 2.36 -0.04 0.07 15.72 2.84 -0.20 0.36 1575 H 

1703 5.96 11.51 23.24 2.08 -0.03 1.84 14.80 0.91 -0.21 0.43 925 H 

1704 6.74 12.24 24.80 2.23 -0.04 0.92 15.43 1.30 -0.04 0.43 850 H 

1801 6.71 12.10 25.72 2.15 -0.03 0.06 15.27 2.31 -0.40 0.42 1100 H 

1802 6.27 14.73 23.27 2.69 -0.03 0.77 16.81 2.58 -0.14 0.41 1525 H 

1804 6.26 13.18 23.62 2.30 -0.03 2.73 16.85 1.66 -0.24 0.44 850 H 

2002 10.12 10.87 35.49 1.75 -0.02 0.82 22.28 1.07 -0.04 0.34 575 H 

2003 10.28 23.53 39.03 2.84 -0.02 1.32 29.27 1.45 -0.01 0.40 675 C 

2004 5.60 6.88 27.65 3.97 -0.01 3.85 11.65 2.01 -0.16 0.38 75 C 

2005 12.06 23.29 35.62 1.62 -0.04 0.04 27.37 1.19 -0.08 0.41 375 C 

2006 6.20 14.00 23.76 2.48 -0.02 0.24 16.26 1.90 -0.19 0.45 925 C 

2009 11.46 25.06 33.58 2.02 -0.04 0.04 27.58 1.28 0.18 0.42 600 C 

2011 7.57 13.27 29.18 1.94 -0.02 0.95 17.48 0.95 -0.12 0.38 600 C 

2012 8.32 15.42 34.79 2.78 -0.01 6.91 22.84 2.15 -0.05 0.41 700 H 

2013 5.58 10.82 20.50 2.14 -0.04 0.19 13.35 1.05 -0.04 0.42 925 C 

2014 8.52 15.83 35.66 2.24 -0.01 2.33 20.27 1.05 0.10 0.41 525 C 

2015 5.43 9.24 26.44 3.52 -0.02 6.17 17.11 2.59 -0.16 0.44 575 C 

2016 8.04 10.42 34.00 2.57 -0.02 4.44 20.83 1.02 0.17 0.46 400 C 

2017 7.17 9.19 32.69 3.79 -0.02 2.01 11.74 0.83 -0.26 0.41 75 C 
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PLOTID HGTSD MADMOD MAXH KURT P01 P10 P70 ST2SK ST4SK DA SD Forest 
Group 

2019 7.55 16.05 31.67 2.49 -0.01 5.91 20.22 1.98 -0.24 0.46 475 C 

2020 8.82 15.97 32.73 1.97 -0.02 1.14 21.01 0.20 -0.01 0.35 775 H 

2022 11.03 21.57 35.72 1.51 -0.02 2.50 27.37 0.64 -0.03 0.36 600 C 

2054 11.69 21.39 36.32 1.38 -0.04 1.22 28.01 1.06 0.34 0.39 1525 C 

2501 5.32 12.61 24.96 2.97 -0.01 4.61 14.95 2.05 -0.12 0.43 850 H 

2502 6.80 16.46 27.28 2.85 -0.02 2.87 18.90 1.79 -0.11 0.40 1275 H 

2503 8.73 14.43 31.42 2.02 -0.04 0.84 18.94 2.34 -0.23 0.41 500 H 

2701 5.99 11.31 23.13 2.15 -0.04 0.20 13.99 1.63 -0.07 0.36 1250 H 

2702 7.94 19.23 33.09 2.62 -0.01 5.06 22.35 1.41 -0.15 0.39 500 H 

2703 6.11 13.93 27.02 3.01 -0.02 3.08 16.31 2.41 -0.14 0.43 775 H 

2704 6.50 11.49 27.22 3.27 -0.01 4.29 19.91 1.05 -0.06 0.48 625 H 

2705 6.90 5.86 26.88 2.55 -0.01 4.58 20.28 1.01 0.04 0.46 475 H 

2706 6.97 13.70 25.97 2.07 -0.05 1.91 17.65 1.28 -0.06 0.47 350 H 

2801 6.38 12.63 26.28 4.06 -0.02 7.57 20.76 2.83 -0.26 0.50 525 H 

2802 6.98 13.34 27.24 4.01 -0.02 5.96 21.99 1.85 -0.03 0.47 325 H 

2803 5.55 10.94 22.92 3.74 -0.01 6.77 18.17 2.16 0.03 0.47 500 H 

2804 6.93 17.46 28.76 3.31 -0.03 2.68 19.63 2.70 0.22 0.42 825 H 

2805 6.49 6.67 25.24 2.93 -0.01 3.18 19.08 1.25 0.25 0.44 700 H 

2806 5.97 3.87 26.67 5.26 -0.01 10.71 21.70 2.21 0.75 0.50 375 H 

3001 9.80 15.57 30.29 1.56 -0.02 0.00 20.84 1.92 -0.31 0.55 200 C 

3002 10.94 16.78 34.57 1.37 -0.03 0.64 25.55 1.36 -0.23 0.38 250 C 

3003 6.74 8.92 22.70 1.62 -0.05 0.00 13.25 1.45 0.30 0.36 575 C 

4019 5.66 14.26 27.38 2.91 -0.01 6.44 17.16 1.82 -0.28 0.39 625 C 
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Appendix F 

Chapter 3: R script for the BRT modeling of tree species’ relative abundance 

 

############################################################################## 

#   Boosted Regression Trees modeling of RBA in the Petawawa Research Forest 

#   Adapted from the BRT tutorial by Elith and Leathwick, (2013) 

#   By: Karin van Ewijk, Queen’s University 

############################################################################## 

 

#  Importing dataset  

data.cal <- read.csv(file.choose(), header=T) 

 

# Required library 

library(dismo) 

 

#  Pinus strobus RBA model (as example) 

set.seed(123) 

ps.tc3lr0008 <-gbm.step(data=data.cal, gbm.x= 2:11, gbm.y = 12, family ="poisson", tree.complexity = 3, 

learning.rate = 0.0008, bag.fraction = 0.6, step.size=10) 

summary(ps.tc3lr0008) 

 

#  simplify the model  

ps.simp1 <-gbm.simplify(ps.tc3lr0008, n.drops = 8) 

ps.tc3lr0008.simp1 <- gbm.step(data.cal,gbm.x=ps.simp1$pred.list[[2]], gbm.y=12, family="poisson", 

tree.complexity = 3, learning.rate = 0.0008, bag.fraction = 0.6, step.size=10) 

summary(ps.tc3lr0008.simp1) 

 

#  check and plot this model 

PSfit <- ps.tc3lr0008.simp1$fitted 

PSresid <-ps.tc3lr0008.simp1$residuals 
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gbm.plot(ps.tc3lr0008.simp1, n.plots=4, write.title = FALSE, common.scale=TRUE, y.label="Fitted 

function", x.label=NULL, show.contrib=TRUE, cex.lab=1.25) 

gbm.plot.fits(ps.tc3lr0008.simp1, v=0, use.factor=TRUE) 

 

#  after all RBA models are run, plot fitted - observed 

op <- par(mfrow=c(2,3)) 

plot(data.cal$PINUSTR,ps.tc3lr0008.simp1$fitted, ylim=c(0,70), main="Pinus strobus - 8 vars") 

plot(data.cal$PINURES,pr.tc3lr0003.simp1$fitted,ylim=c(0,60), main="Pinus resinosa - 5 vars") 

plot(data.cal$PICESPP,pc.lr001.simp$fitted, ylim=c(0,100), main="Picea glauca - 3 vars") 

plot(data.cal$INTOLHW,intol.lr0001.simp$fitted,ylim=c(0,20), main = "Betula - Populus - 4 vars") 

plot(data.cal$TOLHW,tol.lr001.simp$fitted, ylim=c(0,60), main = "Acer spp - 7 vars") 

par(op) 

 

 

############################################################################## 

# Spatial predictions of the BRT models 

# Adapted from the BRT tutorial by Elith and Leathwick, (2013) and C.RANDIN,  

# University Basel (Predictive Modelling Lab) 

# By: Karin van Ewijk, Queen’s University 

############################################################################## 

 

#  Required libraries 

library(rgdal) # for importing rasters 

library(dismo)   

library(gbm) 

library(foreign) 

library(raster) 

library(maptools) # for reading shapefiles 

 

#  Import GIS data for display  

md9 <-raster("./MD9") 

mhgtsd <-raster("./MHGTSD") 

mdem <- raster("./MDEM") 
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mvci <- raster("./MVCI") 

mvdr <-raster("./MVDR") 

ndvi_qb <-raster("./NDVI_QB") 

md1 <- raster("./MD1") 

sdadsr <- raster("./SDADSR") 

mtaspect <- raster("./MTASPECT") 

tm_qbnir <- raster("./TM_QBNIR") 

 

#  Read in sample plots 

PRF.plots <-  readShapePoints("/PRF_BRT")  

# Plot DEM with points  

plot(mdem,col=terrain.colors(100),main="Elevation and sampling plots") 

points(PRF.plots,pch=16,cex=.5) 

 

#  Loading ESRI rasters and spatial stack   

PS.stk <- stack (md1, md9, mhgtsd, mdem, mvci, mvdr, ndvi_qb, sdadsr) 

summary(PS.stk) 

PS.stk 

PR.stk <- stack (md1, md9, mhgtsd, mvdr, sdadsr) 

summary(PR.stk) 

PR.stk 

PC4.stk <- stack (mhgtsd, mvci, ndvi_qb) 

PC4.stk 

intol.stk <-stack(mhgtsd, mtaspect, ndvi_qb, tm_qbnir) 

intol.stk 

tol.stk <- stack(md1, mdem, mtaspect, mvci, mvdr, ndvi_qb, sdadsr) 

tol.stk 

 

#  Get predicted values for the landscape from the BRT models  

#  Pinus strobus (as example) 

plot(PS.stk) 

PS1.landscape <-predict(PS.stk, ps.tc3lr0008.simp1, n.trees=ps.tc3lr0008.simp1$gbm.call$best.trees, 

type="response")     
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summary(PS1.landscape) 

 

# export to ascii 

PS1.l.export <- writeRaster(PS1.landscape,filename="output/PSpred.asc", 

format="ascii",datatype="FLT8S", overwrite=TRUE) 
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Appendix G 

Chapter 4: R script for the k-NN imputation of juvenile trees and estimation 

of adult stem density 

 

############################################################################## 

#   k-NN imputation of the juvenile trees in the Petawawa Research Forest 

#  Adapted from the k-NN tutorial by Crookston & Finley (2008) 

#   By: Karin van Ewijk, Queen’s University 

############################################################################## 

 

# Required libraries 

library(yaImpute) 

library(vegan) 

library(fastICA) 

library(randomForest) 

 

# Import data records 

mydat<-read.csv(file.choose(),header=T) 

 

# Create separate x and y variable lists 

x <-mydat [ ,c(5:34)] 

yall <-mydat[ ,c( 39, 41, 46,48,49)] # all juvenile variables 

yu4A <-mydat[ ,c(39,41,46,48,49)] # 4 juvenile variables 

yu4B <-mydat[ ,c(39,41,46,48,49)] # 4 juvenile variables 

yUtBAha <-mydat[ ,c(39)] 

yUAH <-mydat[ ,c(41)] 

yUMYDATMSBA <-mydat[ ,c(46)] 

yUADBH <- mydat[ ,c(48)] 

yUTHGT <- mydat[ ,c(49)] 

yUtBAha <-matrix(yUtBAha) 

yUAH <-matrix(yUAH) 
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yUMSBA <-matrix(yUMSBA) 

yUADBH <-matrix(yUADBH) 

yUTHGT <-matrix(yUTHGT) 

varlist4 <- list(UAHGT=c("slope","vdr","st2sk","st5sd","vci","st3sk","p50"), 

UMSpercBA=c("p50","p05","p30","p70","slope","st5sd","plc","st6sk","p90","st3sk"), UADBH=c("vci", 

"st5sd", "st4sk", "p01", "p50", "st6sk", "st5sk"), UTHGT=c("slope", "p30", "p50", "vdr", "st5sd")) 

 

#  Select variables for the imputation method 

varselUBA <-varSelection(x,yUtBAha, yaiMethod="randomForest") 

bestVars(varselUBA) 

plot(varselUBA) 

varselUAH <-varSelection(x,yUAH, yaiMethod="randomForest") 

bestVars(varselUAH) 

plot(varselUAH) 

varselUMSBA <-varSelection(x,yUMSBA, yaiMethod="randomForest") 

bestVars(varselUMSBA) 

plot(varselUMSBA) 

varselUADBH<-varSelection(xA,yUADBH, yaiMethod="randomForest") 

bestVars(varselUADBH) 

plot(varselUADBH) 

varselUTHGT<-varSelection(xA,yUTHGT, yaiMethod="randomForest") 

bestVars(varselUTHGT) 

plot(varselUTHGT) 

 

#  Running yai with different distance measures 

mal1 <-yai(x=x, y=yall, method = "mahalanobis") 

msn1 <-yai(x=x, y=yall, method = "msn") 

gnn1 <-yai(x=x, y=yall, method = "gnn") 

ica1 <-yai(x=x, y=yall, method = "ica") 

rf1 <-yai(x=x, y=yall, method = "randomForest", rfMode="regression") 

 

#  Final k-NN model with 4 juvenile tree variables (AHGT, THGT, ADBH, SBA)  

set.seed(99) 
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rfuA <-yai(x=x, y=yu4A, method = "randomForest", rfMode="regression", rfXsubsets=varlist4, 

bootstrap=TRUE) # all records  

set.seed(99) 

rfuB <-yai(x=x, y=yu4B, method = "randomForest", ntree=5000, rfMode="regression", 

rfXsubsets=varlist4) # target recs blank 

plot(rfuA, vars = yvars(rfuA)) 

plot(rfuB, vars = yvars(rfuB)) 

print(rfuA) 

print(rfuB) 

yaiRFsummary(rfuA) 

yaiRFsummary(rfuB) 

 

# Impute variables from references to targets 

rfUA <- impute(rfuA, ancillaryData=mydat, 

vars=c("PLOTID","UAHGT","UMSpercBA","UADBH","UTHGT")) 

plot(rfUA) 

rfUB <- impute(rfuB, ancillaryData=mydat, 

vars=c("PLOTID","UAHGT","UMSpercBA","UADBH","UTHGT")) 

plot(rfUB) 

 

#  Correlations between imputed and observed 

corRFUA <-cor.yai(rfUA, vars=c("UAHGT","UMSpercBA","UADBH","UTHGT")) 

corRFUA 

corRFUB <-cor.yai(rfUB, vars=c("UAHGT","UMSpercBA","UADBH","UTHGT")) 

corRFUB 

 

# Identify observations with large errors 

diffrfuA <- notablyDifferent(rfuA, vars= yvars(rfuA)) 

diffrfuB <- notablyDifferent(rfuB, vars= yvars(rfuB)) 

plot(diffrfuA) 

plot(diffrfuB) 

 

# Variable importance scores 
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importanceuA <- yaiVarImp(rfuA, nTop=7) 

importanceuB <- yaiVarImp(rfuB, nTop=7) 

 

#  Write imputation results to file 

write.csv(rfUAi,file="rfuAImp.csv")  

write.csv(rfUBi,file="rfuBImp.csv")  

 

 

 

 

############################################################################## 

#   Prediction of adult tree stem density in the Petawawa Research Forest 

#   By: Karin van Ewijk, Queen’s University 

############################################################################## 

 

# Required libraries 

library("MuMIn") 

library("qpcR") 

library(ggplot2) 

 

# Import data records 

mydatHW<-read.csv(file.choose(),header=T)  

names(mydatHW) 

mydatCON<-read.csv(file.choose(),header=T)  

names(mydatCON) 

 

#  Variable selection with Dredge 

SDHW1<-lm(lnOSD~da + chm + kurt + madmod + p01 + p05 + p10 + p30 + p50 + p70 + p90 + sdh + 

vdr + maxh + vci, data = mydatHW)   

summary(SDHW1) 

SDHW2<-lm(lnOSD~st2sk + st3sd + st3sk + st4sd + st4sk + st5sd + st5sk + st6sd + st6sk, data = 

mydatHW)  

summary(SDHW2) 
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SDCON1<-lm(lnOSD~da + chm + kurt + madmod + p01 + p05 + p10 + p30 + p50 + p70 + p90 + sdh + 

vdr + maxh + vci, data = mydatCON)   

summary(SDCON1) 

SDCON2<-lm(lnOSD~st2sk + st3sd + st3sk + st4sd + st4sk + st5sd + st5sk + st6sd + st6sk, data = 

mydatCON)  

summary(SDCON2) 

SDCON3<-lm(lnOSD~kurt + maxh + p10 + p70 + sdh + vci + p01 + st2sk + st3sd + st4sk, data = 

mydatCON)  

summary(SDCON3) 

dd <-dredge(SDCON1) 

dd 

subset(dd, delta <4) 

 

 

#  Good HW model 

SDHW4<-lm(lnOSD~da + madmod + p01 + maxh + p10, data = mydatHW)   

summary(SDHW4) 

rmse <- round(sqrt(mean(resid(SDHW4)^2)), 2) 

rmse 

SDHWP <-PRESS(SDHW4, verbose= TRUE) 

SDHWP 

rmseP <- round(sqrt(mean(resid(SDHWP)^2)), 2) 

rmseP 

 

#  Good CON model 

SDCON4<-lm(lnOSD~kurt + p10 + p70 + sdh + st2sk + st4sk, data = mydatCON)   

summary(SDCON4) 

rmseC <- round(sqrt(mean(resid(SDCON4)^2)), 2) 

rmseC 

SDCONP <-PRESS(SDCON4, verbose= TRUE) 

SDCONP 

rmseCP <- round(sqrt(mean(resid(SDCONP)^2)), 2) 

rmseCP 
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# Create graph of results 

p <-ggplot(SDpred, aes(x=OSD, y=OSDp, group = ForestGroups, shape=ForestGroups)) + 

stat_smooth(method=lm, se=FALSE, colour="black") + geom_point(size=4, colour="black")+ 

scale_shape_manual(values=c(1,17)) + theme_bw() + theme(legend.position=c(1,0), 

legend.justification=c(1,0), legend.title = element_text(size=16, face="bold")) + xlab("Observed 

(stems/ha)") + ylab("Predicted (stem/ha)") 

p 

q <-p +  theme(axis.text=element_text(size=15), axis.title=element_text(size=16, face="bold")) 

q 
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Appendix H 

Chapter 4: Description of the tree-level forest growth model: FVS 

 

FVS is a distance-independent, individual based growth model that simulates stand 

dynamics based (in part) on individual tree interactions (Crookston & Dixon, 2005). Key 

individual tree variables required for model initialization are species, origin (i.e., natural or 

planted), status (i.e., live or dead) and diameter. Variables such as height, live crown ratio and 

crown radius are optional. Key variables at the stand level include sample plot area, dominant 

tree species, stand age and a site quality measure.  

FVS’s typical model flow is as follows:  

1. FVS starts by reading input data and site information. Internal growth models are 

adjusted to mimic growth rates evident from the input data in a self-calibration process, 

followed by a summary of initial stand conditions, sampling statistics and calibration 

results.  

2. FVS then projects tree growth, mortality and regeneration establishment into the future. 

At the start of each growth cycle FVS checks for any scheduled management activities, 

i.e., silvicultural treatment. The occurrence of fire and impacts of insect or pathogen can 

also be incorporated at that time.  

3. Depending on the time step, usually 5 to 10 years, and the total projection, from a few 

years to several hundred years, the model reports projected stand conditions for every 

time step until the total projection timespan has been reached (Crookston & Dixon, 

2005). 
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Appendix I 

Chapter 4: Description of the k-NN imputation approach 

 

k-NN imputation is a form of nonparametric regression that can be used to predict forest 

inventory attributes across an entire landscape. Imputation methods are popular for forest 

attribute estimation because of their ability to simultaneously relate multiple in situ measured 

forest attributes to  ancillary variables, e.g., LiDAR derived variables (Hudak et al., 2008). Other 

advantages of k-NN imputation include the preservation of much of the covariance structure 

among the variables that define the response and predictor variables, along with more relaxed 

normality and homoscedasticity assumptions compared to parametric methods (McRoberts, 

2012; Moeur & Stage, 1995). Basically, k-NN imputation techniques predict forest attributes for 

a subset of data samples by calculating the similarity between observations in a data pool and 

then selecting the one(s) that are most similar (McRoberts, 2012). The dataset consists of a 

reference dataset containing both ancillary and response variables at each sampling location, and 

a target dataset containing only ancillary variables. The missing response variables within the 

target dataset are then estimated by imputing them from the nearest neighbors within the 

reference dataset (Falkowski et al., 2010).  

Even though imputation and regression methods both predict response variables from 

predictor variables, imputation methods, especially those using a single nearest neighbor, differ 

from regression methods in that the imputed response will be the response from the most similar 

reference observation with respect to the predictor variables. As a result, imputation errors are 

almost always greater than regression errors. The Root Mean Squared Difference (RMSD) is a 
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measure of model error, analogous to RMSE in regressions, that calculates the difference 

between imputed and observed values (Stage & Crookston, 2007; Hudak et al., 2008). k-NN 

imputation approaches use a distance metric, e.g., the Euclidian, Mahalanobis, Most Similar 

Neighbor (where distances are computed using canonical correlation analysis) and Gradient 

Nearest Neighbor (where distances are computed based on canonical correspondence analysis) 

distance (Hudak et al., 2008; Breidenbach et al. 2010; Vauhkonen et al., 2010). However, k-NN 

imputations can also be based on a proximity matrix calculated via the Random Forest (RF) 

algorithm (Breiman, 2001; Crookston & Finley, 2008; Hudak et al., 2008). The RF proximity 

matrix records how often observations occur together in the same terminal node proportional to 

the number of trees. Hence, it can be used as a basis for imputing missing values because 

proximities can be treated as a form of Euclidian distance between observations (Breiman, 

2001).  

For multivariate k-NN imputations using RF, a separate forest for each response variable 

is modelled and its proximity matrices joined.  A different number of trees can be grown for 

different response variables, depending on the response variable importance, and each response 

variable can have its own unique set of predictor variables, as certain predictor variables may 

explain variation in one response variable but not in others (Crookston & Finley, 2008; Hudak et 

al., 2008; Falkowski et al., 2010). Hence, predictor variable selection is a critical step in multivariate k-

NN imputation modeling to prevent overfitting (Packalén et al., 2012).  

For more information on k-NN techniques used in forest research and its recent advances 

see the review by McRoberts (2012).  
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