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Abstract 

Forest resource inventory (FRI) information is critical to sustainable forest management. 

Airborne Laser Scanning (ALS) offers a cost-effective option for modelling forest inventory, 

biophysical and ecological variables over large areas. Given that traditional ALS-based FRIs rely 

primarily on height data, the objective of this research was to examine the potential of ALS intensity 

data, multi-seasonal multispectral imagery, and digital aerial photogrammetry (DAP) for enhancing 

traditional ALS-based FRIs using a combination of non-parametric and parametric modelling 

techniques. For size class distribution estimation, the results of k-nearest neighbor imputation and 

random forest regression demonstrated that the combination of ALS height- and intensity-based 

metrics improved accuracy compared to models based on either type of metric alone. Using a 

hierarchical variable clustering technique, ALS intensity data were found to carry unique 

information complementary to passive near-infrared data, despite their similarity in wavelengths. 

Compared to ALS data alone, the addition of multi-seasonal imagery contributed to more accurate 

models of basal area and species mixture. In contrast, ALS height- and intensity-based metrics 

exhibited unparalleled utility for modelling stem density compared to optical imagery. Among the 

three multispectral sensors examined (i.e., Landsat-5 TM, Sentinel-2A and WorldView-2), 

Sentinel-2A proved to be the most cost-effective for enhancing ALS-based FRI, owing to its 

sufficient spatial resolution and inclusion of key spectral bands (i.e., red-edge and shortwave 

infrared). Compared to ALS, similar functional groups of metrics were found in DAP data, but 

DAP metrics lacked the capacity for characterizing canopy permeability. Due to the lack of 

penetrating echoes, gap fraction information was not well represented by DAP, resulting in 

suboptimal accuracy for LAI estimation compared to ALS. However, a comparison of functional 

groups between DAP and ALS identified tasks for which DAP is suitable (e.g., volume, forest 

successional stages, and species mix). Overall, this research demonstrates that ALS-based FRIs can 

be enhanced by additional sources of input, such as ALS intensity data and multispectral imagery; 

thereby demonstrating greater potential for more advanced FRIs for Canadian forests.  
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Chapter 1  

Introduction 

Forests are an essential resource that humans rely on for social, economic and 

environmental well-being (Falkowski et al., 2009). Approximately 60% of Canada’s landmass 

is comprised of forested ecosystems (~347 million hectares or 9% of the world’s forested land) 

(Wulder et al., 2008a; 2008b; Natural Resources Canada, 2017). As a critical element of the 

Canadian economy, the Canadian forest industry has a heavy emphasis on exports, most of 

which are conventional forest products (Natural Resources Canada, 2017). Despite its 

comparatively small contribution to the gross domestic product (GDP), the Canadian forest 

industry generates more employment opportunities and exports per dollar of value added than 

other resource sectors (e.g., metals, minerals and the energy sector) (Natural Resources Canada, 

2017). To sustain a prosperous forest industry, forest resource inventories (FRIs) are 

implemented to monitor the distribution, quantity, and status of forest resources (Wulder et al., 

2008c). Early FRIs were mainly concerned with the economic value of forest ecosystems and 

relied heavily on in situ data collected through field cruising (Köhl et al., 2006). Owing to the 

labor-intensive nature of such operations, the early FRIs only covered limited geographic scope 

with infrequent updates; conditions that are not ideal for jurisdictions with extensive forest 

cover.  

Over the past few decades, awareness of the changing climate, global competition, varying 

market demand, climbing energy prices, and increasing concerns for environmental issues have 

resulted in calls for a stronger bioeconomy with more value-added products in order for the 

Canadian forest industry to stay competitive (FPInnovation, 2011; Puddister et al., 2011). To 

support the emerging bioeconomy (i.e., the diversification of forest products (Natural 

Resources Canada, 2017), including traditional and non-traditional forest products), forest 



 

2 

 

resources that were traditionally allocated to the pulp and paper sector could be effectively 

transformed into feedstock for bioenergy (Duchesne & Wetzel, 2003; Puddister et al., 2011). 

To support this diversification of the forest value chain, more informed decisions on harvest 

planning and silvicultural treatments are required. This necessitates the capacity for estimating 

fibre attributes over large areas (Pitt & Pineau, 2009), thereby requiring a more advanced FRI 

with improved precision, accuracy, and comprehensiveness (Wulder et al., 2004). 

1.1 Forest Resource Inventory 

A FRI system may include a range of forest inventory biophysical variables, including 

stand height, mean diameter at breast height (DBH), basal area (BA), stem density, timber 

volume, species composition, leaf area index (LAI), and biomass (Hudak et al., 2008; Wulder 

et al., 2008c; Reutebuch et al., 2003). Such FRI information will facilitate various aspects of 

sustainable forest management, such as optimization of the forest value chain, preservation of 

biodiversity, and enhancement of forest carbon stocks (Saatchi et al., 2011; Woods et al., 2011; 

Winter et al., 2008). For example, more detailed and accurate characterization of forest 

ecosystems would enable forest managers to optimize road systems and make more informed 

harvesting plans (i.e., as the appropriate logs are delivered to the appropriate mills at the 

appropriate time, the harvested timber is put to its best use, thus improving the cost-

effectiveness of harvest operations) (FPInnovation, 2011). Since accurate and precise FRIs can 

also help scientists estimate the potential of forests to serve as carbon sinks, they will also 

contribute to long-term planning of climate change adaptation strategies (Wulder et al., 2004). 

Therefore, FRI information is of critical importance for sustainable forest management and a 

prosperous forest industry, especially for nations such as Canada (Mabee et al., 2011; Puddister 

et al., 2011). 

Due to the vast nature of the forested environment in Canada, forest inventory operations 

based on field mensuration are particularly labour intensive and time consuming (Wulder et al., 
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2008a). Since Canada’s current national forest inventory (NFI) is derived from softcopy 

photogrammetry/interpretation (i.e., remote sensing plots) with very limited field calibration 

plots based on a nationwide 20-km grid system, the level of detail is lacking for operational 

forest management (Mirck & Mabee et al., 2013). In addition, interpretation of air-photos can 

be labour intensive and subject to human error, despite the qualifications of the photo-

interpreters. Traditionally, provincial FRIs were intended for general land use and forest 

management at the strategic level and were not intended to inform operational forest 

management (although they were used in this capacity). Considering the need to establish a 

more spatially explicit link between forests and the end products, more precise and accurate 

inventory information at the stand or tree level is desired (Pitt & Pineau, 2009). 

In addition to the improvement in spatial resolution, there is also a necessity for FRIs to 

incorporate forest attributes associated with wood quality, as opposed to just quantity. Unlike 

conventional forest inventory variables (e.g., stand height, stem volume, and BA), which 

determine the general availability of wood, quality-oriented variables (e.g., diameter 

distribution and species composition) are more helpful in terms of identifying the potential 

product (i.e., value) possessed by each forest stand. With enhanced inventory information, 

forest managers will be empowered to make more informed decisions on forest management 

including road optimization, silvicultural treatments, harvesting, wood processing, as well as 

biodiversity conservation (Pitt & Pineau, 2009). As individual trees are felled for particular end 

products and delivered to the corresponding mills, the efficiency of the harvest operations is 

greatly improved. With an optimized forest value chain, the cost and carbon footprint of 

operational forest management practices can be minimized, thus leading to a more profitable 

and “greener” forest industry (Natural Resources Canada, 2017).  In response to this evolving 

requirement for enhanced FRI information, the Advanced Forest Resource Inventory 

Technologies (AFRIT-ON) program was initiated in Ontario, aiming to employ cutting-edge 
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technologies to improve the accuracy, precision, and efficiency of current forest inventory 

operations (Pitt & Pineau, 2009). Owing to its capability for providing a spatially-explicit view 

of the earth surface in a repetitive and economical manner, remote sensing has proven to be a 

useful technology for forest management. Currently, evolving remote sensing technologies 

(e.g., airborne laser scanning, space and airborne imagery), along with advanced processing 

techniques have created new opportunities for more accurate and precise FRIs. 

1.2 Remote sensing of forest inventory and biophysical variables 

During the past few decades, research has focused on the extraction of biophysical and 

inventory variables (i.e., forest structural attributes) at various scales with optical remote 

sensing systems (Peterson et al., 1988; Peddle et al., 1999; Hyyppä et al., 2000). Despite the 

availability of numerous advanced image processing techniques with varying levels of reported 

success, optical remote sensing continues to lack the inherent capability of measuring the 

vertical structure of the forest. In contrast, ALS (Airborne Laser Scanning), an active remote 

sensing technique, captures forest structure in the form of a three-dimensional point cloud (i.e. 

conveying forest canopy structure) (Lim et al., 2003). Therefore, ALS remote sensing has been 

identified as holding great promise for enhancing existing inventory systems (Pitt & Pineau, 

2009). 

The extraction of forest inventory and biophysical variables from ALS data can be 

approached from two perspectives: individual tree detection (Brandtberg et al., 2003; Kwak et 

al., 2007; Kaartinen et al., 2012) and statistical canopy height distribution (Lim et al., 2003; 

Næsset, 2004; Andersen et al., 2005). Depending on the context, these two methods are referred 

to as: (i) individual tree-based; and (ii) area-based (Yu et al., 2010). For either canopy height 

models (CHMs) or processed point clouds, implementation is subject to the desired level of 

precision for the forest inventory variables in question as well as the point density of the ALS 

data (Hyyppä et al., 2008). In addition to the level of precision in the spatial domain, a key 
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difference between these two methods lies in the integration of reference data: i.e., the area-

based approach (ABA) relies more on, and is more readily compatible with plot data, while 

individual-tree-based methods take advantage of high density ALS data and do not rely as 

heavily on reference plots. However, individual-tree-based techniques are more difficult to 

implement (Hyyppä et al., 2008) and their performance tends to deteriorate in areas with 

interlocking crowns (Stone et al., 2011). Owing to the relatively low point density of ALS data 

used for this research, ABA is considered appropriate. In addition, it is anticipated that 

information derived from ABA is of adequate precision to forest managers and relevant 

stakeholders, considering the relatively large size of cut blocks in forest management practices 

(larger than one hectare in most cases). Therefore, this research will focus on the modelling of 

FRI variables using ALS in the context of an ABA. These are reviewed below for three groups 

of FRI variables of interest, i.e., stem diameter distribution, LAI and forest structural variables 

(e.g., BA, DBH, volume, stem density). 

1.2.1 Forest structural variables 

Early attempts at modelling forest structural variables using remote sensing focused on 

optical remote sensing, leveraging the statistical relationship between forest structure and their 

variabilities in spectral response (Wulder, 1998). Franklin et al. (1986) estimated stand-level 

BA and leaf biomass using Landsat TM imagery and regression analyses, and the overall 

brightness of the scene was found to correlate well with vegetation quantity. Similar 

correlational studies have examined the potential of optical remote sensing for modelling stand 

age, above ground biomass, mean DBH, stand height and stem density (Schlerf et al., 2005; 

Lefsky et al., 2001; Wu & Strahler, 1994). In addition, a number of vegetation indices 

comprising the reflectance of multiple spectral bands have been developed to facilitate the 

estimation of forest structural variables and forest classifications (Freitas et al., 2005; Treitz & 

Howarth, 1999; White et al., 1996). As more advanced optical sensors became operational, 
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texture metrics were also derived from high spatial resolution imagery to improve the capacity 

of optical remote sensing for characterizing forest structure (Kayitakire et al., 2006; Franklin 

et al., 2001; Wulder, 1998). 

In concert, object-based image analysis has been employed to model forest inventory 

variables, with the intent of taking full advantage of the spatial details within the imagery 

(Blaschke 2010; Chubey et al., 2006; Yu et al., 2006). This object-based approach further 

evolved into detection and delineation of individual trees, allowing for the estimation of forest 

structural and compositional variables at a much finer scale than previously possible (Immitzer 

et al., 2012; Ke & Quackenbush, 2011). Despite advancements in imaging sensors and image 

processing techniques, the relationship between information derived from optical remote 

sensing and forest structural variables is often poor due to the complex interaction between the 

downwelling radiation and the horizontal and vertical distribution of the forest canopy, giving 

rise to the combined use of passive optical and active sensors (Dalponte et al., 2008; Lim et al., 

2003; Lefsky et al., 2001). Erdody and Moskal (2010) estimated canopy height and canopy 

base height using ALS data and digital image data collected simultaneously. Even though the 

goodness-of-fit of the imagery-only model was approximately 50% of the ALS model, the 

combination of these two data sources led to improved accuracy over the two stand-alone 

models. Similar benefits have been reported where multispectral imagery and ALS data were 

used in conjunction with each other to model stem volume and biomass of shrub vegetation 

(Tonolli et al., 2011; Estornell et al., 2012). 

In addition, image-based point clouds derived from digital aerial photogrammetry (DAP) 

have emerged as a more affordable data source than ALS for characterizing forest structure. In 

particular, airborne stereoscopic Leica ADS40 imagery was collected for Southern Ontario in 

the summer of 2007 as part of Ontario’s FRI acquisition (Pitt et al., 2014). As a push-broom 

scanner, ADS40 is equipped with four panchromatic CCD (charge-coupled device) and eight 
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multispectral CCD. As a result, it simultaneously collects panchromatic data at four different 

scan angles as well as multispectral data (i.e., blue, green, red and near infrared) at nadir and 

at a rear-looking scan angle of 16°, allowing for stereo measurements of forests (Ginzler & 

Hobi, 2015; Tempelmann et al., 2000). In addition to its role in softcopy photo interpretation 

in the context of FRI, the three-dimensional point clouds derived from the stereoscopic imagery 

has triggered strong interest from the remote sensing community. To date, DAP has exhibited 

promising utility for modelling a range of forest attributes, including canopy height, forest 

growth, and spruce budworm defoliation (Goodbody et al., 2018; Tompalski et al., 2018; St‐

Onge et al., 2008). 

1.2.2 LAI 

Ground-based LAI measurements typically rely on destructive sampling or indirect 

measurements based on optical instruments (Weiss et al., 2004; Jonckheere et al., 2004; Chen 

et al., 1997). However, these ground-based approaches can only cover a limited area on the 

ground following a given sampling strategy, and thus remain labour-intensive. Therefore, 

numerous endeavors have been made to model LAI over large geographic areas using 

remotely-sensed data (Chen & Cihlar, 1996; Carlson & Ripley, 1997; Broge & Leblanc, 2001). 

Based on the primary remote sensing data used for LAI estimation, these studies can be divided 

into two broad categories: passive or active. Existing research for passive remote sensing of 

LAI has focused on developing vegetation indices derived from multispectral or hyperspectral 

imagery (Carlson & Ripley, 1997; Wang et al., 2005), but these optical-based estimates tend 

to saturate at high LAI levels (Gao et al., 2013; Brantley et al., 2011; Yang et al., 2006). 

Compared with passive remote sensing approaches, active systems (e.g. ALS) exhibit strong 

potential for overcoming the problem of saturation over areas with dense vegetation cover 

(Richardson et al., 2009; Riaño et al., 2004). A recent study employed Worldview-2 imagery 

and low density ALS data to model LAI in a boreal mixedwood forest in Ontario (Pope & 
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Treitz, 2013). Based on multiple linear regression analysis, structural metrics derived from the 

ALS point cloud were found to correlate well with in situ measurements of LAI based on digital 

hemispherical photography (R2 = 0.54). In contrast, no significant relationships were observed 

between LAI and vegetation indices derived from Worldview-2 imagery. Further, attempts 

were made to construct a hybrid regression model that incorporated ALS metrics and the 

normalized difference vegetation index (NDVI) as input. However, the predictive power of this 

hybrid model was not significantly improved over the model based on ALS data alone.   

In the context of LAI estimation using ALS, a number of indices designed specifically to 

capture gap fraction information have been used in conjunction with conventional ALS height-

based metrics (e.g., height percentiles and density metrics). Sasaki et al. (2008) used the ratio 

between the number of single ground returns and single returns as a surrogate for laser 

penetration and found it to be highly correlated with field measured LAI (adjusted R2 = 0.8). 

Leveraging similar concepts of contact frequency in the canopy, numerous ratio-based ALS 

metrics have been developed to model LAI, including a LAI proxy (Morsdorf et al., 2006), 

fractional cover (Hopkinson & Chasmer, 2009), a First Echo Cover Index (FCI) (Korhonen  et 

al., 2011), a Laser Penetration Index (LPI) (Peduzzi et al., 2012), and an Above and Below 

Ratio Index (ABRI) (Sumnall et al., 2016). A recent comparative study (Sumnall et al., 2016) 

pointed out that LAI indices based on all returns are more accurate than those using specific 

return types. However, the high level of correlation amongst these variables indicates that the 

exploration of ALS-based LAI indices has reached a similar stage to vegetation indices derived 

from passive optical sensors (Sumnall et al., 2016). 

1.2.3 Stem diameter distribution 

Prior to the application of remote sensing approaches for modelling stem diameter 

distribution, foresters employed easily measurable stand-level forest characteristics (e.g., BA, 

age, site quality) to predict stem diameter distributions (Bailey & Dell, 1973; Maltamo, 1997; 
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Mehtätalo, 2004). However, the accuracies of these early diameter distribution models were 

generally lacking due to a weak relationship between stem diameter distribution and these 

stand-level forest inventory variables. With the advent of ALS, numerous efforts have been 

made to establish statistical relationships between ALS metrics and characteristics of diameter 

distribution. Depending on their assumptions, these techniques can be classified as parametric 

or non-parametric. The former employs a certain probability density function (PDF) to 

characterize the shape of a stem diameter distribution, while the latter does not rely on this 

premise (Maltamo & Gobakken, 2014). Despite the preponderance of parametric techniques 

reported in studies focusing on boreal forests (Penner et al., 2015; Maltamo & Gobakken, 2014), 

they may not be as suitable for forests with more complex structure and composition. In 

addition, parametric techniques tend to suffer from over-fitting considering the large number 

of metrics derived from ALS data (Maltamo & Gobakken, 2014).  

Alternatively, due to the lack of dependence on statistical assumptions of the input data, 

non-parametric modelling techniques can circumvent the issue of collinearity between multiple 

predictor variables, making them particularly suitable for ALS applications (Penner et al., 

2013). Packalén and Maltamo (2008) employed the k-Most Similar Neighbour (k-MSN) 

technique to predict species-specific diameter distributions using airborne ALS and aerial 

photographs for a managed boreal forest in Finland. After tree species were aggregated into 

three classes, species-specific diameter distributions imputed by the k-MSN method were 

compared to those predicted by a two-parameter Weibull model whose parameters were also 

predicted with the k-MSN method. The results demonstrated that the k-MSN approach was 

able to derive more accurate estimates for each of the three species groups, proving the potential 

of non-parametric techniques for modelling diameter distributions. The authors also noted that 

the calibration data should be relatively comprehensive for the k-MSN imputation method to 

perform well, due to its lack of capabilities for extrapolation (Packalén & Maltamo, 2008). A 
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more recent study compared the utility of parametric and non-parametric techniques for 

modelling size class distribution using ALS and imagery-based point clouds derived from 

digital aerial photogrammetry (DAP) for a boreal forest in Ontario, Canada (Penner et al., 2015). 

The parametric model based on a unimodal Weibull function was outperformed by k-NN 

imputation using the random forest proximity matrix (RFPM) for both datasets. 

1.3 Motivation for Research 

An accurate and cost-effective FRI monitoring system is a critical step towards sustainable 

forest management. This thesis encompasses three studies that focus on the estimation of forest 

inventory and biophysical variables using multi-source remote sensing data, ranging from 

multi-seasonal multispectral imagery to ALS to digital aerial photogrammetry (DAP). Given 

that ALS has reached operational accuracies for a number of forest inventory variables, these 

three studies systematically explore the potential of additional sources of remotely-sensed data 

and more rigorous modelling techniques for improving our understanding of the capacity of 

ALS and further strengthening the effectiveness of ALS-based FRI. In addition, this research 

demonstrates that non-parametric and parametric statistical methods can be combined to 

streamline the workflow for variable selection and enhance the interpretability and 

performance of predictive models.  

Research Objective 1: To determine the utility of ALS height- and intensity-based metrics 

and their synergy for modelling stem diameter distributions for management size classes. 

Existing models of diameter distribution based on ALS remote sensing have only 

examined metrics derived from height data (i.e., height percentiles, density metrics and 

statistical descriptors of the height distribution) (Penner et al., 2015; Maltamo & Gobakken, 

2014; Thomas et al., 2008). In addition to height, ALS also collects intensity data, which 

represents the amount of backscattered energy associated with each return. Intensity 
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measurements are made as a relatively concentrated beam of near infrared radiation is reflected 

from the target of interest (Donoghue et al., 2007). ALS intensity data are subject to the 

influence of a number of factors, including the path length between the sensor and target, local 

incidence angle, beam divergence angle, as well as the size and reflectivity of the target 

(Donoghue et al., 2007; Wagner et al. 2006). Even though ALS intensity metrics have exhibited 

great promise for estimating a range of forest inventory and biophysical parameters, including 

species mixture, gap fraction and biomass (Donoghue et al., 2007; Hopkinson & Chasmer, 

2007; García et al., 2010), their potential for modelling diameter distribution remains largely 

unexplored. Due to the unique advantages of non-parametric techniques for modelling diameter 

distribution in complex forest environments, they have attracted tremendous attention over the 

past decade (Maltamo et al., 2009; Packalén & Maltamo, 2008; Peuhkurinen et al., 2008). 

However, these non-parametric diameter distribution models all rely on k-NN imputation, 

which requires careful selection of a distance metric and tuning of the neighborhood parameter 

(i.e., k). The specific objectives of Chapter 2 are to (i) propose a non-parametric framework for 

modelling stem diameter distribution; and (ii) assess the contribution of ALS intensity data 

relative to height data in an uneven-aged tolerant hardwood forest in the Great Lakes–St. 

Lawrence Forest Region, Ontario, Canada. 

Research Objective 2: To evaluate the potential of DAP and ALS point cloud data and 

CHMs for modelling LAI.  

As an emerging source of three-dimensional information, image-based point clouds 

derived from DAP using image-matching algorithms offer an affordable alternative to ALS 

data. When used in conjunction with an accurate digital elevation model (DEM) derived from 

ALS, DAP has exhibited comparable predictive power to ALS for a range of forest attributes, 

e.g., height, biomass, volume, and diameter distribution (Vastaranta et al. 2013; Penner et al., 
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2015). However, the potential of DAP data for modelling LAI has not been examined to any 

significant degree.  

In addition to metrics directly derived from ALS point clouds (i.e., echo-based), numerous 

studies have developed predictive models of forest structure using metrics derived from the 

CHM (i.e., CHM-based) and reported similar accuracies as echo-based models (Bottalico et al., 

2017; Chirici et al., 2016; Barbati et al., 2009). Despite the various echo-based indices in the 

literature (Sumnall et al., 2016), the utility of CHM-based metrics for modelling LAI remains 

largely unexplored.  

The specific objectives of Chapter 3 are to (i) examine the hierarchy of information 

contained in the ALS and DAP data using a variable clustering approach; (ii) compare their 

capacity for characterizing LAI using two types of metrics (i.e., echo-based and CHM-based); 

and (iii) examine the utility of parametric linear regression and the non-parametric random 

forest (RF) as well as the variables selected by these two distinct modelling techniques for LAI 

modelling. 

Research Objective 3: To examine the potential of multispectral imagery for enhancing 

ALS-based estimation of BA, species mixture, and stem density. 

Recent studies suggest that the synergy of optical imagery and ALS could lead to 

improved predictive accuracy of forest structural variables (Tonolli et al., 2011; Estornell et al., 

2012; Holmgren et al., 2008). However, systematic analysis of optical imagery with varying 

specifications has been lacking in the context of modelling FRI variables over large areas. 

Given the higher acquisition costs of very high spatial resolution imagery (e.g., WorldView) 

compared to freely available datasets (e.g., Landsat TM and Sentinel-2A), future FRI systems 

would benefit from a comprehensive understanding of the cost-effectiveness of high spatial 

resolution data. Multi-temporal, moderate-resolution remote sensing data have exhibited 
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promising results with respect to modelling a variety of forest attributes (Chrysafis et al., 2017; 

Zhu & Liu, 2014; Li et al., 2013). However, their utility for modelling forest inventory variables 

in combination with ALS data is not well understood. Further, as ALS has matured, more effort 

has been directed towards the derivation of intensity metrics (Budei et al., 2017; Shang et al., 

2017; García et al., 2010). However, the overlap in operational wavelength (i.e., near-infrared) 

and contrast in acquisition mechanism, places ALS intensity data in a unique position 

compared to passive optical data. This raises questions regarding the rationale behind the utility 

of ALS intensity data for modelling forest variables, especially considering the difficulties in 

calibrating ALS intensity data (Korpela et al., 2010). 

 The specific objectives of Chapter 4 are to (i) examine the utility of multi-seasonal 

imagery for estimating selected FRI variables compared to single-date imagery; (ii) assess the 

cost-effectiveness of high spatial resolution data (i.e., WorldView-2) relative to freely available 

multispectral data (i.e., Landsat-5 TM and Sentinel-2A); (iii) compare and contrast the 

information contained in the near-infrared bands of these sensors to ALS intensity data using 

a hierarchical clustering approach; and (iv) showcase the potential of a two-step modelling 

framework for estimating FRI variables that leverages the synergy between non-parametric and 

parametric techniques. 
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Chapter 2  

Estimating stem diameter distributions for an uneven-aged tolerant 

hardwood forest using ALS height and intensity data 

Abstract 

Two types of non-parametric modelling techniques and various metrics derived from 

airborne laser scanning (ALS) data were tested for their utility for modelling stem diameter 

distributions in an uneven-aged tolerant hardwood forest in Ontario, Canada. Using an area-

based approach (ABA), the frequency distribution of trees across six size classes was predicted 

using k-nearest neighbor (k-NN) imputation and random forest (RF). Predictor variables 

derived from ALS height and intensity data were divided into three groups: height only, 

intensity only, and all metrics. Prediction results demonstrated that the first two groups of 

predictor variables exhibited similar predictive accuracy, while the combination of both 

resulted in enhanced performance. The utility of intensity-based metrics was corroborated by 

an importance measure reported by RF. The size class-specific stem density estimation 

approach based on RF was more accurate and flexible than the simultaneous estimation 

approach based on k-NN models. After the predicted diameter distributions were grouped into 

nine structural groups, heterogeneous accuracy scores revealed the challenges for predicting 

select diameter distributions. Although successes were observed for certain size classes, there 

remains additional research (e.g., development of additional metrics or data types) to accurately 

predict a complete range of size classes. 

2.1 Introduction 

The distribution of stem diameter is of great value to forest managers because it contains 

valuable information on forest structure and composition (Maltamo et al., 2007). This 

information is needed to make good silvicultural decisions and can help forest managers predict 

operational costs and recovered volumes as a result (Pitt & Pineau, 2009). Due to the labour-
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intensive nature of ground-based forest mensuration of diameter at breast height (DBH), there 

has been a strong incentive for inferring diameter distributions from more accessible 

information using a modelling approach (Bailey & Dell, 1973). Due to its capacity for 

capturing forest structure in the form of a three-dimensional (3D) point cloud, airborne laser 

scanning (ALS), an active remote sensing technique, has become an operational tool in forest 

management (Lim et al., 2003). As ALS remote sensing has evolved, it has demonstrated 

reasonably good accuracy for a number of forest inventory and biophysical variables, including 

basal area (BA), biomass, canopy height, and leaf area index (LAI) (Woods et al., 2011; Zhao 

et al., 2009; Andersen et al., 2006; Riaño et al., 2004). In contrast, the accuracy of ALS-based 

stem diameter distribution models has been lacking. This is primarily attributed to the fact that 

diameter distribution models involve multiple response variables, which presents challenges 

for model calibration and validation (Penner et al., 2015; Packalén & Maltamo, 2008). 

Different techniques have been developed to exploit the potential of ALS data for 

modelling diameter distributions. Depending on the assumptions these techniques rely on, they 

can be categorized as parametric or non-parametric. The former assumes that the stem diameter 

distribution in a forest conforms to a certain probability density function (PDF), while the latter 

does not operate on this basis (Maltamo & Gobakken, 2014). Extensive research has been 

carried out to examine the most applicable statistical distribution for modelling stem diameter 

distributions (Podlaski & Zasada, 2008; Palahí et al., 2007; Zhang & Liu, 2006). Nevertheless, 

a universally applicable PDF remains unavailable, due to the different statistical distributions 

scrutinized in these studies and the distinct characteristics of different forests under 

investigation. Instead of recommending a particular distribution function for modelling stem 

diameter distribution, Podlaski and Zasada (2008) pointed out that the optimal PDF may vary 

from one case to another, depending on the characteristics of the forest stands. 
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Efforts have also been made to examine the potential of advanced PDFs for characterizing 

empirical diameter distributions more accurately (Thomas et al., 2008; Zhang & Liu, 2006). 

Compared with traditional models (e.g., Gamma, Log-normal and Weibull), models with more 

complex structure (e.g., finite mixture models) come with a higher number of parameters, 

making them more susceptible to prediction errors. Given that most of the parametric diameter 

distribution models have been developed for boreal forest conditions (Penner et al., 2015; 

Maltamo & Gobakken, 2014), i.e., characterized by a relatively simple stand structure and 

species composition (Liu et al., 2004), parametric approaches might not be as suitable for 

forests with more complex structure and composition. Furthermore, the prevailing parametric 

regression techniques suffer from the problem of over-fitting as more candidate predictor 

variables emerge, especially with the case of ALS data (Maltamo & Gobakken, 2014). In 

addition, parametric methods focus on deriving probability distributions of stem diameters. 

Therefore, additional information on stem density is needed to determine their frequency 

distributions, which introduces an additional source of error into the model. Considering the 

relatively poor accuracy of ALS models for predicting stem density compared with other 

inventory variables (Treitz et al., 2012), the error propagation in parametric diameter 

distribution models is non-trivial. In order to cope with these problems, non-parametric 

techniques (e.g., imputation) were introduced to diameter distribution modelling (Maltamo et 

al., 2009; Packalén & Maltamo, 2008; Peuhkurinen et al., 2008). Due to the lack of reliance on 

PDFs, they are able to predict diameter distributions regardless of the shape of the empirical 

distributions (e.g., highly skewed, unimodal, or multimodal), thus holding great promise for 

heterogeneous forest stands. Due to the distinct statistical properties of non-parametric 

modelling techniques compared to parametric forms (Vauhkonen et al., 2010; Breiman, 2001), 

the issue of collinearity between multiple predictor variables can be circumvented, making 

them particularly suitable for ALS applications (Penner et al., 2013).  
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In addition to height data, intensity data are recorded by most modern ALS sensors, which 

is an indication of the strength (or power return) of the backscattered energy (Wehr & Lohr, 

1999). Wagner et al. (2006) pointed out that the intensity value of any given target is subject 

to its reflectivity, size, and the scattering of the laser echo. Furthermore, various ALS 

acquisition parameters will impact the accuracy of intensity data, including the source energy 

of the sensor (i.e., power output), beam divergence angle, and path lengths (Wing et al., 2012).  

Due to the lack of knowledge on these effects, even the most advanced calibration algorithms 

currently available can only alleviate their impact to a limited extent, sometimes at the cost of 

acquiring additional field data (Höfle & Pfeifer, 2007). As a result, the use of intensity data in 

forestry applications has been rare compared to that of height attributes derived from ALS data 

(Morsdorf et al., 2010). This is further complicated by numerous specifications of ALS systems, 

varying scanning ranges, and the distinct structure (i.e., the distribution, density, and 

orientation of foliage) of different types of vegetation (Korpela et al., 2010).  Efforts have been 

made to take advantage of ALS intensity data for tree species mixture mapping, land cover 

classification, species classification, gap fraction estimation, and forest biomass modelling 

(Donoghue et al., 2007; Antonarakis et al., 2008; Kim et al., 2009; Hopkinson & Chasmer, 

2007; García et al., 2010). The utility of intensity data was primarily attributed to its capacity 

for discriminating between tree species and characterizing foliage distribution within the 

canopy. Donoghue et al. (2007) and García et al. (2010) demonstrated that the combination of 

ALS height and intensity data could lead to improved predictive accuracy for species 

classification and biomass estimation respectively, compared to models based on height data 

alone. However, the potential of ALS intensity data for modelling diameter distribution has not 

been examined to any significant degree. 

In this paper, we (i) propose a non-parametric framework for modelling stem diameter 

distribution; and (ii) assess the contribution of ALS intensity data relative to height data in an 
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uneven-aged tolerant hardwood forest in the Great Lakes–St. Lawrence Forest Region, Ontario, 

Canada.  

2.2 Study Area 

The study site is Haliburton Forest (HF) (45°17' N, 78°34' W), located within the Great 

Lakes - St. Lawrence (GLSL) Forest Region of Ontario, Canada. Its average annual 

precipitation is 1100 mm, and the average annual temperature is approximately 4.9 °C (Sackett 

et al., 2012). As a privately-owned forest, HF covers 23,800 ha with 80 percent covered by 

forest (Figure 2.1). Although more than 30 tree species can be found in HF, the area is 

dominated by Sugar Maple (Acer saccharum), with Balsam Fir (Abies balsamea), American 

Beech (Fagus grandifolia), Yellow Birch (Betula alleghaniensis) and Eastern Hemlock (Tsuga 

canadensis) also relatively abundant (Hossain & Caspersen, 2012). As Canada’s first privately 

owned Forest Stewardship Council (FSC) certified forest, HF seeks to maintain a balance 

between the economic value and ecological integrity of the forest environment. To fulfill 

multiple forest uses, HF has been using partial harvest silviculture systems for the past 40 years, 

typically resulting in an uneven-aged forest (Arii et al., 2008; Mrosek et al., 2006). Due to the 

nature of HF forest and the low harvest intensity (i.e., typically only removing 1/3 of the total 

BA in any single harvest), accurate and cost-effective assessment of the availability of trees in 

different size classes is of great significance and can have large impacts on the product value 

chain. Such structural information will ultimately enable prediction of the value of forest 

resources at various spatial scales, thus contributing to more informed decisions on harvesting 

and silvicultural planning. 
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Figure 2.1 Location of the study area within the Great Lakes Region (Source: Google Maps, 

2015). 

2.3 Methods 

This research involved: (i) a field campaign to collect forest mensuration data for 

representative forest conditions at HF; (ii) an airborne campaign for the acquisition of ALS 

data; and (iii) statistical analysis using an area-based approach (ABA) to relate field measures 

to metrics derived from ALS data for modelling diameter distributions (i.e., management size 

classes). 

2.3.1 Field Data 

During the growing seasons of 2010 and 2011, field data were acquired for 185 circular 

0.25 ha sampling plots (i.e., 28.2 m radius) in the study area to support the calibration and 

validation of our area-based predictive model. These 0.25 ha plots form the basis of the ABA. 

Based on stand-level information available in Ontario’s 2000 FRI dataset, these plots were 

established using a stratified random sampling strategy to cover a gradient of ecosite and 

canopy openness conditions. Forest inventory variables were collected for all trees with a DBH 

≥ 8 cm in each plot, including DBH, tree species, and status (living or dead). The coordinates 

of the plot centers were measured with a Trimble ProXT GPS unit to achieve sub-meter 

accuracy. 
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2.3.2 ALS Data 

Small-footprint discrete return ALS data were acquired with an ALTM 3100 sensor 

(Teledyne Optech Inc., Vaughan, Ontario, Canada) mounted in a Cessna Turbo 206 Stationair 

aircraft (Lim Geomatics Inc., Ottawa, Canada) for 39 flight lines during the timespan from 

August 8th to August 15th, 2009 in dry conditions. The instrument was flown at an altitude of 

approximately 1500 m above ground level, with a pulse repetition frequency of 70 kHz, a scan 

frequency of 36 Hz, and a scan half angle of 16°. Due to the 30% overlap between adjacent 

flight lines, the point density varies across the study area, with a nominal point density of 1.7 

points m-2. The vendor created a triangular irregular network (TIN) based on ALS points 

classified as ground returns and subtracted it from the elevation of each ALS point to normalize 

the ALS data. In terms of radiometric processing of the ALS intensity data, the most common 

normalization algorithm developed to date aims to account for the influence of varying path 

lengths of the ALS returns (Donoghue et al., 2007; Hopkinson, 2007). This normalization 

procedure has one key input variable, observed range (i.e., the range between the sensor and 

the individual returns), which can be difficult to acquire. Therefore, we did not apply 

normalization to our ALS intensity data. 

2.3.3 Statistical Analysis 

Existing research has mostly employed equal-sized diameter classes for modelling 

diameter and BA distributions (Penner et al., 2015; Packalén, P., & Maltamo, 2008;  Gobakken 

& Næsset, 2004). This is primarily attributed to the lineage of diameter distribution research 

(Zhang & Liu, 2006; Maltamo, 1997; Bailey & Dell, 1973) and the characteristics of the 

statistical models used in these studies (Maltamo et al., 2009; Martin Bollandsås & Næsset, 

2007; Liu et al., 2004). However, forest managers rely on size class-level information to inform 

harvesting decisions and prescribe silvicultural treatments in southern Ontario (Arii et al., 2008; 

OMNR, 2004), and these size classes are not based on equal-sized diameter classes. To derive 
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our diameter distribution model that is of direct relevance to product recovery, the full range 

of DBH values in the field data were assigned to six size classes: sapling (8 cm ≤ DBH ≤ 17 

cm), polewood (17 cm < DBH ≤ 26 cm), small sawlogs (26 cm < DBH ≤ 38 cm), medium 

sawlogs (38 cm < DBH ≤ 50 cm), large sawlogs (50 cm < DBH ≤ 62 cm), and extra-large 

sawlogs (DBH > 62 cm). In the context of operational forest management in Ontario, hardwood 

species with a DBH < 17cm are typically considered unmerchantable except for pulp or 

biomass, while those with a DBH between 17 cm and 26 cm are of considerably higher 

merchantable value (Martin et al., 2014). Considering this and the application of a truncation 

point for DBH measured in the field (i.e., 8 cm), the original size class designation for Ontario 

(OMNR, 2004) was modified to reflect this difference: the 10 cm ≤ DBH ≤ 26 cm range for 

polewood was replaced by two classes with a lower starting point (i.e., 8cm) and 17cm as a 

breakpoint. The number of stems in each of these six size classes (i.e., size class-specific stem 

density) were then used as response variables in the subsequent analyses.  

In order to examine the utility of intensity data for modelling stem diameter distributions, 

we employed a number of intensity-based metrics in addition to the height-based metrics 

established in previous studies (e.g., Woods et al., 2011) to serve as predictor variables. These 

variables were derived from ALS returns intersecting each 0.25 ha plot, which can be calculated 

for 50 m-grid cells for making predictions with wall-to-wall coverage. Given that many of the 

height-based metrics (e.g., percentiles, standard deviation, and skewness) were designed to 

characterize the statistical dispersion of height data (Penner et al., 2015), these statistics were 

applied to the intensity data, in an attempt to assess whether the distribution of backscattered 

energy associated with ALS returns can help characterize forest structure. Similar to the 

derivation of density metrics using height data (Woods et al., 2008), a suite of intensity metrics 

(i.e., I1, I2,…, I9) were developed: the range of intensity values associated with a plot were 

divided into 10 equal-sized intensity bins, and each of the intensity indices represents the 
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cumulative percentage of energy received in each bin. In addition, an intensity distribution 

index (IDI) (Table 2.1) was devised to characterize the evenness of ALS return intensity 

through the vertical space. It has a similar form to the vertical complexity index (VCI) (van 

Ewijk et al., 2011), which has proven effective for predicting forest successional stages and 

species abundance (van Ewijk et al., 2014). However, IDI makes use of the intensity 

information associated with each height bin, thereby representing the evenness of forest vertical 

distribution through backscattered energy associated with ALS returns, rather than their 

proportional abundance in each height bin.  

For the sake of avoiding the uncertainties associated with intra-crown transmission losses 

(Gaveau & Hill, 2003), previous studies have used intensity information from single returns 

(Morsdorf et al., 2010), first returns (Vauhkonen et al., 2010), or returns located at treetops 

(Vauhkonen et al., 2014) to model forest biophysical and inventory variables. However, these 

approaches inherently place an emphasis on overstory, precluding the possibility of estimating 

stem diameter distributions in an area-based modelling framework, especially considering the 

presence of small-diameter trees which may be partially occluded by the dominant and co-

dominant trees. In light of the additional information that the second, third, and fourth returns 

may convey for small-diameter trees, all four returns and single returns were used in this study 

to derive various height and intensity-based metrics. 

To test for the potentially varying utility of height and intensity-based metrics derived 

from ALS data, the initial set of predictor variables was divided into three groups: height only, 

intensity only, and all metrics (i.e., containing both height and intensity-based metrics). Owing 

to the lack of a priori knowledge about the utility of each height and intensity-based metric for 

modelling diameter distribution as well as the optimal number of predictor variables needed 

for this application, manual variable selection was avoided. In order to reduce the potential 

negative impact of confounding predictor variables (Packalén et al., 2012; Hudak et al., 2008), 
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a data-driven variable selection procedure implemented in the R package VSURF (Genuer et 

al., 2010) was included in the modelling framework: the number of stems in each of the six 

size classes was used as the response variable consecutively to select predictor variables 

important to each size class. To ensure the consistency of comparison between the three groups 

of predictor variables, variable selection was undertaken for each group respectively. As a 

result, three sets of predictor variables were obtained after variable selection, each containing 

variables important for at least one size class. This effectively reduced the total number of 

candidate predictor variables to 63 (from the original 105 predictor variables) (Table 2.1).  

Table 2.1 Predictor variables used in the diameter distribution models examined in this study. 

Variables Variable description Height Intensity All 

Return.1.percentage Percentage of first returns √  √ 

Return.2.percentage Percentage of second returns √  √ 

Elev.maximum Maximum height √  √ 

Elev.mean Mean height    √ 

Elev.variance Variance √  √ 

Elev.IQ Interquartile distance √  √ 

Elev.AAD Average Absolute Deviation √  √ 

Elev.MAD.median Median of the absolute deviations 

from the overall median 

√   

Elev.L1 1st L-moment (Wang, 1996) √  √ 

Elev.L2 2nd L-moment    √ 

Elev.L.skewness L-moment skewness   √ 

Elev.P05 5th height percentile √  √ 

Elev.P50 50th height percentile √  √ 

Elev.P60 60th height percentile √  √ 

Elev.P70 70th height percentile √  √ 

Elev.P75 75th height percentile √  √ 

Elev.P80 80th height percentile √  √ 

Elev.P95 95th height percentile   √ 

Elev.P99 99th height percentile √  √ 

Canopy.relief.ratio (mean - min) / (max – min)   √ 

Elev.SQRT.mean.SQ Quadratic mean √  √ 

Elev.CURT.mean.CUBE Cubic mean √  √ 

Percentage.all.returns.above.

mean 

Percentage of all returns above 

the mean height 

  √ 

Percentage.all.returns.above.

mode 

Percentage of all returns above 

the mode height 

√  √ 

Da First returns/all returns √   

Db Single returns/all returns √  √ 

VDR Vertical distribution ratio (Goetz 

et al., 2007) 

√   
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VCI Vertical complexity index (van 

Ewijk et al., 2011) 

√  √ 

D2 2nd density metric (Woods et al., 

2008) 

√  √ 

D3 3rd density metric √   

D5 5th density metric √  √ 

D6 6th density metric   √ 

D7 7th density metric √  √ 

D8 8th density metric √  √ 

D9 9th density metric √   

Int.maximum Maximum intensity   √ 

Int.mean Mean intensity   √ 

Int.stddev Standard deviation  √  

Int.variance Variance  √ √ 

Int.CV Coefficient of variation  √  

Int.IQ Interquartile distance  √  

Int.kurtosis Kurtosis  √ √ 

Int.AAD Average Absolute Deviation  √ √ 

Int.L2 2nd L-moment (Wang, 1996)  √ √ 

Int.L3 3rd L-moment  √  

Int.L4 4th L-moment  √  

Int.L.CV L-moment coefficient of variation  √  

Int.L.kurtosis L-moment kurtosis  √  

Int.P10 10th intensity percentile  √  

Int.P50 50th intensity percentile   √ 

Int.P60 60th intensity percentile   √ 

Int.P75 75th intensity percentile  √ √ 

Int.P80 80th intensity percentile   √ 

Int.P90 90th intensity percentile   √ 

Int.P95 95th intensity percentile  √ √ 

Ia Sum of intensity First returns/all 

returns 

 √  

IDI Intensity distribution index, 

)ln(

))ln((
1

HB

pp

IDI

HB

i

ii






, where 

HB is the number of height bins, 

and ip
is the percentage of power 

of ALS returns intercepted by 

each height bin 

 √ √ 

I3 3rd intensity metric  √  

I4 4th intensity metric  √  

I5 5th intensity metric  √ √ 

I6 6th intensity metric  √ √ 

I8 8th intensity metric  √ √ 

I9 9th intensity metric  √  
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Eskelson et al. (2009) describe k-NN models as having their roots in the management of 

missing data. However, their role in forestry applications can be attributed to the high expense 

associated with the acquisition of field data relative to that of remotely-sensed data. Therefore, 

k-NN was employed to derive wall-to-wall surfaces of inventory variables by taking advantage 

of the wide coverage of remotely-sensed data and limited field data (Eskelson et al., 2009). In 

contrast to parametric models (i.e., regression), which rely on regression equations established 

between predictor and response variables to make predictions, k-NN aims to impute the 

characteristics (i.e., stem diameter distribution) of the calibration plots to the target plots based 

on their similarity in feature space. Depending on what distance metric is used to contruct the 

feature space, k-NN has multiple variants, with the simplest instance based on the Manhattan 

distance (Eskelson et al., 2009).  

The R package yaImpute (Crookston & Finley, 2008) was used to calibrate diameter 

distribution models based on k-NN, and multiple distance metrics were employed to obtain a 

comprehensive understanding of their utility, including ICA (Independent Component 

Analysis), MSN (Most Similar Neighbor), GNN (Gradient Nearest Neighbor), and RFPM 

(Random Forest Proximity Matrix). For more details on these variants of k-NN see Crookston 

& Finley (2008) and Hudak et al. (2008). Default parameters were adopted for model 

calibration, except for the number of regression trees for RFPM, which was set to six times the 

default value (i.e., 500 × 6) to account for the six response variables to be imputed 

simultaneously, such that relatively stable performance could be achieved by RFPM. 

The choice of the number of neighbors for aggregation (k) involves a compromise 

between the preservation of extreme values in the model output and model precision 

(McRoberts et al., 2015; Tuominen et al., 2003). Vauhkonen et al. (2010) concluded, based on 

a sensitivity analysis of k in MSN and RFPM imputation for a number of single tree attributes, 

that an increment of one to three (i.e., k = 2 ~ 4) was able to improve the model accuracy upon 
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the benchmark established with a k = 1 without increasing the bias of the model. This 

corroborates well with the optimal range of k (i.e., three to five) found by Packalén and 

Maltamo (2007). However, Vauhkonen et al. (2010) pointed out that the optimal range for k 

depends on the forest attribute of interest and the calibration data available. With many studies 

using a fixed value without justification (Penner et al., 2015; Maltamo et al., 2009), the 

influence of k on diameter distribution models has yet to be fully understood. To shed light on 

the implication of different k values on diameter distribution modelling, a range of k (i.e., 1-

10) was used to calibrate each k-NN model. When k > 1, the yaImpute package (Crookston & 

Finley, 2008) provides three methods for aggregating values imputed from multiple neighbors: 

mean, median, and mean weighted by distance. Since the median value among multiple 

reference plots does not offer more statistical rigor than the value imputed from the nearest 

reference plot, preliminary analysis of the aggregation method focused on mean and distance 

weighted mean. Since minimal differences in predictive accuracies were found between these 

two methods across the full range of k examined in this study, the former was selected as the 

method for aggregation, due to its simplicity. Given that all the k-NN models function as 

simultaneous imputation of all the response variables in a holistic manner, the full set of 

predictor variables in each of the three predictor groups were input into the k-NN models 

regardless of the importance of a specific variable to a given size class. 

The employment of k-NN models in ALS-based forest inventories involves an inherent 

assumption: a group of predictor variables characterizing forest structure can serve the purpose 

of optimizing the predictive accuracy of all the forest attributes to be imputed simultaneously. 

This assumption ignores the possibility that a k-NN model might not be able to take full 

advantage of the variance structure between multiple response variables using a single set of 

predictor variables. In addition, existing studies on diameter distribution modelling have not 

systematically examined the utility of different predictor variables derived from ALS data. In 
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light of these two factors, we introduced a size class-specific stem density estimation approach 

leveraging the RF model, where stem density (i.e., number of stems) was estimated 

independently for each size class. The RF technique (Breiman 2001) has gained significant 

popularity in the remote sensing community over the past decade (Ahmed et al., 2015; Penner 

et al., 2013; Pal, 2005).  It is a computationally efficient tree-based ensemble model that 

circumvents the instability of prediction and alleviates the problem of over-fitting (Guo et al., 

2011). The utility of RF in this application is twofold. First, it allows for the use of different 

predictor variables for each size class, while discarding the covariance structure between 

multiple response variables (i.e., stem densities for different size classes). This makes it an 

alternative hypothesis to the assumption behind the use of k-NN models, facilitating the 

assessment of its validity. Second, RF serves the purpose of evaluating the contribution of each 

height and intensity-based metric to the diameter distribution model.  

The R package randomForest (Liaw & Wiener, 2002) was used to calibrate the RF 

regression model. The default of 500 trees for each response variable was adopted because a 

setting of 10000 trees in a preliminary analysis did not result in statistically different prediction. 

Since RF was used in regression mode, the number of predictor variables sampled at each split 

was set to one third of the total number of predictor variables (i.e., the default for this mode). 

Furthermore, the default value for the minimum size of terminal nodes (i.e., 5) was adopted. 

To assess model performance over a full range of forest conditions (i.e., its robustness), 

calibration and validation of the k-NN and RF models was undertaken using a 10-fold cross-

validation approach. Although RF is generally not prone to overfitting (Breiman, 2001), 10-

fold cross-validation was applied to both types of non-parametric models (i.e., for consistency).  

Therefore, accuracy measures used to evaluate the predictive performance of the various 

diameter distribution models were based on all the plot data. The assessment of variable 

importance was based on the percentage of the mean decrease in mean squared error 
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(%IncMSE), due to its explicit connection to model accuracy. Average %IncMSE of the 10 

iterations within the 10-fold cross-validation was extracted as an overall measure of variable 

importance. This was performed over each of the six size classes in an attempt to reveal the 

potentially varying contributions of ALS height and intensity-based metrics towards different 

size classes. For reference purposes, the overall stem density was also predicted using RF, 

accompanied by the corresponding variable importance analysis. 

Given the multiple response variables involved in stem diameter distribution modelling, 

accuracy measures play a critical role in representing model performance. In order to obtain a 

comprehensive understanding of the accuracy of competing models and their performance over 

different size classes, two types of accuracy assessments were conducted: (i) from a size-class-

specific stem density accuracy perspective; and (ii) an overall goodness-of-fit perspective. The 

former was carried out by treating stem density for each size class as independent response 

variables based on scaled root mean squared distance (sRMSD) (Crookston & Finley, 2008), 

while the latter relied on the balanced error index (BEI), a modified version of Reynold’s error 

index (EI) (Reynolds et al., 1988). These are unitless measures whose values are inversely 

proportional to model accuracy (i.e., lower BEI or sRMSD means higher accuracy). The 

rationale for the development of BEI is presented in Appendix 1, along with other relevant 

accuracy measures for comparison purposes. Based on the number of stems in the six size 

classes, we divided the 185 field plots into nine structural groups using the k-means clustering 

algorithm. The number of classes was selected in a trial and error fashion, such that each class 

represented a unique type of diameter distribution (i.e., structure) with relatively low intra-class 

variability. Plot-level BEI was then averaged over each structural group to examine the 

performance of the proposed method for different forest conditions. 
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2.4 Results 

2.4.1 Model Fit and Predictive Accuracy (k-NN and RF) 

For most of the k-NN models examined in this study, a k-value within the range of 1 to 

10 resulted in peak accuracy (Figure 2.2). While different k-NN models did not reach their 

peaks at the identical k, large decreases in BEI were observed in all cases as k increased from 

1 to 4. Among the three groups of predictor variables tested in this study, the height only and 

intensity only group had comparable peak predictive accuracy, obtained by RF, while the ICA 

and GNN models received slightly lower BEIs using the height only group as predictors. 

Despite the similar accuracies that RFPM and MSN obtained using height or intensity-based 

metrics as predictor variables, they were unable to perform as well as RF in either case. The 

most accurate predictions were found in the all-metrics group: the RF model featured a BEI of 

0.273, followed closely by RFPM with a BEI of 0.285 when k = 6. However, the BEI of RFPM 

was as high as 0.356 when k=1, which is even greater than its counterpart in the height only 

and intensity only groups when a larger k was used (Figure 2.2). All k-NN models and RF 

benefited from the combined use of height and intensity data represented by the all metrics 

group. Across the three groups of predictors, the RF model was the most accurate. Although 

RFPM and MSN had mixed performance using only height or intensity-based metrics, RFPM 

was able to outperform MSN consistently when they incorporated information from both 

sources regardless of k. GNN and ICA performed relatively poorly in all cases. 

Since the all metrics predictor group exhibited the highest predictive accuracy for all the 

k-NN models and RF, we focused on this particular group when model accuracy was dissected 

into individual size classes. The sRMSD for different size classes showed similar trends as the 

overall goodness of fit measured by BEI: increasing k from 1 to 4 in the k-NN models was able 

to lower sRMSD in most cases, indicating improved accuracy (Figure 2.3). Some fluctuations 

of sRMSD were found for most k-NN models after the local minima were reached. Although 
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the magnitude of such fluctuation varied from one case to another, it was generally smaller 

than the discrepancy found between the sRMSDs when k = 1 and the corresponding local 

minima. RF featured the lowest sRMSD for most size classes, followed by RFPM. When the 

optimal value for k was adopted, this relationship was reversed for the first size class albeit 

with a relatively small margin. The performance of other k-NN models varied from one size 

class to another, but they were not as accurate as RF or RFPM, with the exceptions being the 

smallest and largest size class where MSN and GNN reached similar accuracy as RF 

respectively (Figure 2.3). Among all the size classes, the first two were well predicted, with 

the lowest sRMSD being 0.536 and 0.707 respectively among all competing models, while the 

lowest sRMSD for the other four size classes ranged from 0.775 to 0.892. 

 

Figure 2.2 Predictive accuracy (measured by BEI) of various k-NN models as a function of k 

compared to that of the RF model, using three groups of LiDAR metrics as predictor 

variables. Because k is irrelevant to the RF model, dashed lines are used to represent RF for 

illustrative purposes. 
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Figure 2.3 Predictive accuracy (measured by sRMSD) of various k-NN models as a function 

of k compared to that of the RF model for each of the six size classes, using height and 

intensity-based metrics as predictor variables. Because k is irrelevant to the RF model, 

dashed lines are used to represent RF for illustrative purposes. 

2.4.2 Variable Importance (height and intensity-based metrics) 

Different predictor variables exhibited imbalanced contributions to the estimation of stem 

density associated with each size class (Figure 2.4). The estimation of the first two size classes 

benefited from a number of height and intensity-based metrics, but the intensity-based metrics 

demonstrated stronger importance than height-based metrics in both cases. For the third, fifth, 

and sixth size class, less than 10 predictor variables were represented, with a total of nine, six, 

and two predictor variables respectively. It is interesting to note the lack of strong predictor 

variables roughly corresponds to the relatively low predictive accuracy for these size classes 

(Figure 2.3). While the third size class witnessed relatively even contributions from a range of 

height and intensity-based metrics, the three largest size classes leveraged mostly height 

metrics (Figure 2.4). Overall, height percentiles exhibited greater utility than density metrics. 

Although the last size class suffered from low predictive accuracy, RF equipped with only two 

predictor variables presented an extremely parsimonious and interpretable model: VCI (i.e., 
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representing stage of development (van Ewijk et al., 2014)) and Elev.CURT.mean.CUBE 

exhibited positive correlation to the number of extremely large-diameter trees. The strongest 

predictor variables for the six size classes were Int.L2, Int.variance, Elev.mean, Elev.P60, 

Elev.SQRT.mean.SQ, and VCI respectively. Interestingly, important predictors associated 

with the first two size classes were reflected in the prediction of stem density, especially the 

first size class. 

 

Figure 2.4 Relative variable importance derived from the RF model for each of the six size 

classes and overall stem density. The top 10 predictors for each size class were included, 

although less than 10 predictor variables emerged from variable selection for some size 

classes. 

2.4.3 Errors Associated with Forest Structural Groups 

The discrepancy between predicted and observed diameter distributions was relatively 

small for most structural groups derived from the k-means clustering (Figure 2.5). Among the 

six size classes, the first two had the highest bias, especially the first, indicating consistent 

under- or over-estimation. Although this seems inconsistent with the size class-specific 

accuracy shown in Figure 2.3, it can be attributed to the fact that bias shown in Figure 2.5 was 

not normalized to represent accuracy in relative terms as in the case with sRMSD. Even though 
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the predicted number of stems in the first size class was able to reflect the gradient across the 

nine structural groups, underestimation occurred in three of them: groups 1, 6, and 9, the top 

three structural groups in terms of stem density associated with the first size class. Structural 

groups with the highest average BEIs were groups 1, 5, and 9 (i.e., average BEI = 0.302, 0.337, 

and 0.324 respectively). Interestingly, these three groups were located along the diagonal of 

Figure 2.5, corresponding to low, medium, and high BA or medium, low, and high stem density 

respectively. In addition, it is worth noting that there were only ten and eight sample plots in 

structural group 1 and 9 respectively. Although the rest of the structural groups had relatively 

low bias and BEI, their error bars for the predicted and observed number of stems were 

noticeably different in some cases (e.g., classes 2, 4, and 7), implying the presence of outliers 

with a mixture of under- and over-estimation within a structural group. 

 

Figure 2.5 Predicted versus observed stem diameter distributions for nine forest structural 

groups ordered by class average BA. The error bars represent the standard deviation of the 

number of stems within each size class. Number of plots, average BEI, average BA (m2/ha), 

and average stem density (stems/ha) are also included for each structural group. 
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2.5 Discussion 

The results demonstrate that intensity-based metrics derived from ALS data exhibited 

great utility for modelling diameter distributions. However, it is worth noting that such 

improvement in model performance is contingent upon the selection of a suitable statistical 

model and predictor variables. In our preliminary analyses (not shown), where the initial set of 

105 predictors were input to the competing models examined in this study, the conventional k-

NN models (i.e., ICA, GNN, and MSN) achieved relatively poor predictive accuracies in 

comparison to the results presented in Figure 2.2: they were unable to benefit from the ‘all 

metrics’ predictor group. This indicates that these k-NN models are unable to take advantage 

of a large pool of predictor variables that are not carefully selected. In contrast, the performance 

of RF and RFPM was much less dependent on the signal-to-noise ratio of the predictor set. 

They only underwent marginal improvement after the variable selection procedure was added 

into the workflow, demonstrating their resilience to the presence of confounding predictor 

variables. From a best practices perspective, the contribution of variable selection in this study 

is more towards enhancement of model interpretability and computational efficiency than 

improved accuracy. Due to their limited accuracy and high dependence on the optimal number 

of predictor variables compared to RF and RFPM, conventional k-NN algorithms prove to be 

sub-optimal for modelling diameter distribution. This demonstrates that the assumption behind 

the use of k-NN (i.e., simultaneous imputation of multiple response variables using a single set 

of predictor variables will yield optimal results) does not hold true in this study. The more 

promising performance of RF demonstrates the versatility of the independent estimation 

approach compared to the holistic approach taken by the k-NN models. Owing to its similarity 

to RF, RFPM is the most accurate among all the k-NN models examined in this study. However, 

the superior performance of RF proves that current k-NN techniques in conjunction with 

current ALS metrics are unable to fully capture the underlying drivers of various forest 
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structural attributes present in the study area. As a result, distance metrics constructed by k-

NN models vary with the response variable of interest, resulting in fluctuations in prediction 

results. From an optimization perspective, RF exhibits the ability to make predictions with 

similar or better accuracies than the corresponding RFPM supplied with the optimal k value, 

despite their difference in the handling of multiple response variables. 

The comparison of predictive accuracy between the six size classes reveals a drawback of 

the ABA for modelling the number of stems in large diameter classes. Since ALS metrics are 

essentially summary statistics of the point cloud intersecting a plot, capturing all trees across a 

range of size classes, these metrics are inherently less sensitive to the low frequency size classes 

within this population (i.e., large-diameter trees). Given the relatively small number of large-

diameter trees in the study area and the large plot size (i.e., 0.25 ha) compared to previous 

studies (Maltamo et al., 2007; Penner et al., 2015), the low predictive accuracy for large size 

classes may be partially attributed to the spatial aggregation effect. This is corroborated by the 

lack of predictor variables flagged as important to the three size classes with the lowest 

sRMSDs (i.e., the third, fifth, and sixth size classes). It is important to note that their poor 

accuracy is not induced by the variable selection algorithm because preliminary analyses, based 

on the initial set of 105 predictor variables, showed similar trends regarding size-class-specific 

predictive accuracy. In this application, where any combination of a small number of predictor 

variables cannot lead to optimal accuracy in RF (i.e., relatively weak predictor variables), the 

number of remaining predictor variables after variable selection reflects the strength of the 

input variables in their entirety. As the prediction target moves from small to large diameter 

classes, the predictive power of the ALS metrics used in this study diminishes rapidly due to 

the spatial aggregation effect. In order to improve the accuracy of the large-diameter classes, 

sub-plot level metrics that characterize within-plot heterogeneity or metrics more sensitive to 

large diameter classes can be employed. For example, a separate set of ALS metrics can be 
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derived using first returns and single returns due to their inherent capacity for characterizing 

dominant and co-dominant canopy layers. Subsequently, a hybrid model could be built using 

metrics based on all returns for small diameter classes and those based on first and single 

returns above a certain height threshold (Vauhkonen et al., 2010) for large diameter classes to 

further improve the accuracy of the model (Xu et al., 2014). 

The variable importance scores derived from RF demonstrate the varying contribution of 

the predictor variables across different size classes, and the selective use of predictor variables 

added to the predictive accuracy of RF compared to the k-NN models. When the individual 

regression trees within RF partition calibration data into individual homogeneous 

compartments, individual predictor variables act as split criterion (Breiman, 2001). Compared 

with a model that only uses height data, the utility of additional intensity-based metrics can be 

attributed to their ability to improve the homogeneity of the compartments at some stages in 

the partitioning process, especially for the small diameter classes. Holmgren and Persson (2004) 

employed height and intensity-based metrics derived from high-density ALS data to 

differentiate between spruce and pine using an individual tree-based approach. Standard 

deviation of intensity values and the proportion of returns within the tree crown were shown to 

be the two most important predictor variables. The utility of this particular intensity-based 

metric was attributed to its ability to characterize differences in crown density between these 

two species. Instead of crown properties at the individual tree level, the variance (i.e., highly 

correlated with standard deviation) of intensity values derived for individual 0.25 ha plots in 

this study captures the permeability or layering of the canopy with a negative correlation to the 

number of stems in the second size class. A large number of stems in this diameter class is 

likely to correspond to a relatively early stand development stage with simple structure (i.e., 

one layer of canopy). Accordingly, the overall canopy density is relatively low due to the lack 

of large/dense crowns and the associated occlusion effect from mature trees, resulting in high 
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canopy permeability. Such canopy structure can be captured by the low variability (i.e., low 

variance) of intensity values, owing to the small proportion of pulse energy lost to interception 

from the overstory. Similarly, Int.AAD exhibits a strong negative correlation with the number 

of stems in the first size class. Given that variable scan angle and flying altitude, atmospheric 

attenuation, and lack of stability of emitted pulse energy can introduce noise to ALS intensity 

data, normalization of the intensity data prior to model calibration could potentially contribute 

to improved predictive accuracy (Yan et al., 2012; Donoghue et al., 2007). 

Among all the structural groups derived from unsupervised clustering of the diameter 

distribution data, group 1 consists primarily of mixed species plots. With the highest stem 

density, this group represents forest stands that more closely resemble early stand development 

stages in an even-aged forest, characterized by a large number of small-diameter trees and a 

scarcity of large-diameter trees. One possible explanation for the consistent underestimation of 

the number of stems in the smallest diameter class is that the predictor variables derived from 

ALS data become saturated when the number of stems in the first size class exceeds a certain 

threshold. This problem is shared with all three structural groups with relatively large bias in 

the first size class (i.e., structural groups 1, 6, and 9). Since they all have relatively small sample 

sizes (i.e., n = 10, 12, and 8 respectively), the underestimation may in part be attributed to 

under-sampling during the field campaign. Given the minimum terminal node size of five in 

RF, large variability is likely to have occurred in the leaf nodes responsible for predicting the 

number of stems in the first size class due to the scarcity of similar calibration plots, which 

explains the relatively low predictive accuracy for the three structural groups discussed above. 

Therefore, reducing the minimum terminal node size may improve predictive accuracy for 

these structural groups suffering from under-sampling. However, such change in a global 

model (i.e., developed for all the structural groups) might induce less stable predictions for 

structural groups with sufficient field samples. Furthermore, ALS data with a higher point 
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density may lead to higher accuracy under such circumstance, where metrics derived from low-

density ALS data are saturated due to the large number of small-diameter trees in the sample 

plots. Even though structural group 5 also represents mixed species plots, its complex structure 

has resulted in an underestimation of stem density in the first size class, contrary to the cases 

of the three structural groups discussed above. Inspection of the point cloud data revealed the 

presence of large trees and gaps with variable sizes in this structural group. This produces a 

similar phenomenon to mixed pixels (i.e., mixels) in optical remote sensing, which has a 

negative influence on the strength of the statistical relationship between ALS metrics and size 

class-specific stem density, particularly for small-diameter classes. The difference between 

these two scenarios lies in the fact that characterization of forest structure with ALS data is 

hampered by mixed signals in the 3D space, rather than the 2D space in the case of optical 

remote sensing. In addition, the endmembers in the context of ALS-based forest inventories 

are much more difficult to conceive and define, compared to distinct land-cover classes in a 

classification based on optical remote sensing. The presence of 3D mixels makes the modelling 

of intricate forest inventory variables (e.g., species and diameter distribution) particularly 

challenging, demonstrated by the relatively low accuracy for structural group 5 and the outliers 

causing unstable predictions in the other structural groups with low overall BEI (e.g., groups 

2, 4, and 7). This calls for additional predictor variables that can help circumvent this constraint 

(e.g., gap fraction and topographical variables). 

2.6 Conclusion 

In this study, we demonstrated the utility of ALS intensity-based metrics for modelling 

stem diameter distributions using two types of non-parametric modelling frameworks. 

Compared to height metrics derived from ALS data, intensity-based metrics failed to produce 

more accurate predictions. However, the combination of height and intensity-based metrics 

resulted in improved predictive accuracy when suitable modelling techniques were employed. 
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In particular, predictor variables characterizing the statistical dispersion of the intensity data 

(e.g., Int.AAD and Int.variance) were found to be closely related to stem density of small-

diameter trees. In terms of the performance of the two non-parametric frameworks examined 

in this study, the size class-specific stem density estimation approach based on RF yielded the 

highest accuracy.  Despite its marginal performance advantage over RFPM-based k-NN, the 

proposed size class-specific stem density estimation approach has additional utilities.  

Since the setting of k can have a large impact on the performance of k-NN models, careful 

tuning is required to exploit the full potential of k-NN. The described method is able to 

circumvent this issue through independent estimation of size class-specific stem density using 

RF, which contributes to its robustness and ease of use for operational forest management. 

Furthermore, variable importance scores independently derived for each size class make it 

possible to pinpoint the size classes where strong predictor variables have yet to be developed, 

such as the large-diameter classes in this study. In addition, this unique framework does not 

require a full diameter distribution for calibration compared to other approaches (i.e., 

parametric and k-NN models). Therefore, a standalone model with a known confidence interval 

can be constructed if the variable of interest is the number of stems within a particular size 

class. As a result, the method described here could be used to locate stands with a large number 

of small-diameter trees to support biomass recovery. 

Due to the nature of RF as an ensemble model, the calibrated model is difficult to illustrate 

and interpret. However, given the premise that different modelling techniques tend to share 

similar preferences for predictor variables for a forest attribute of interest (Penner et al., 2013), 

it is likely that the knowledge of variable importance gained in this study can be used to inform 

the selection of variables for other statistical models to further improve the interpretability of 

a diameter distribution model. For example, the seemingly unrelated regression (SUR) and 

classification and regression tree (CART) techniques are amenable to interpretation for 
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communication purposes due to their relatively transparent structure. Alternatively, more 

advanced modelling techniques can be introduced to the size class-specific stem density 

estimation framework to improve the predictive accuracy even further. Since the proposed 

method has only been tested on an uneven-aged tolerant hardwood forest, its performance 

relative to parametric and k-NN models over other types of forest remains to be scrutinized. 

Furthermore, the intensity-based metrics employed in this study were derived from the raw 

ALS intensity data. The impact of intensity normalization on model results warrants further 

evaluation, especially for ALS-based inventory programs where multiple sensors are utilized. 
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2.9 Appendix – Measures of Model Performance 

In contrast to rRMSE, a well-known measure of model performance, sRMSD (Stage & 

Crookston, 2007), originally designed to evaluate the accuracy of k-NN models, has not been 

widely applied in remote sensing research. Due to the common numerator (Table 2.A1), 

rRMSE and sRMSD are perfectly proportional to each other, thus containing the same 

information. However, the magnitude of rRMSE can be misleading, hampering its utility as a 

benchmark for comparisons across different applications. Instead of scaling the RMSE value 

with the average of observed values for the response variable (i.e., rRMSE), sRMSD shares a 

similar characteristic as the coefficient of determination (R2): predictive accuracy is measured 

against the overall dispersion of the response variable. Compared with rRMSE, this property 

is particularly useful when the magnitude of the response variable is relatively large compared 

to the variations between different observations. Under such a circumstance, rRMSE would 

give optimistic measures of accuracy, regardless of how much variance within the data a 

predictive model can capture. The sRMSD of a “mean estimator” (i.e., constructed by using 

the average of all calibration data to predict each observation in validation data) will always be 

equal to one (McRoberts et al., 2015). Using the value one as a benchmark, sRMSD informs 

modellers as to the accuracy of the model (i.e., the model is more accurate as sRMSD 

approaches zero). On the other hand, the rRMSE for such a “mean estimator” might be 

deceivingly low, depending on the variability of the response variable relative to its magnitude. 

For example, the rRMSE for the stem density associated with the third size class was as low as 

0.323 because the standard deviation of this variable was only 0.323 times as large as its 

average. In contrast, an rRMSE of 0.371 can be easily obtained by a “mean estimator”, which 

is “reasonably good” for a response variable associated with stem density even though no effort 

was made in model development. We preferred sRMSD over a pseudo R2 for this study because 
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the latter yields negative values under certain circumstances, making it less amenable to 

interpretation and comparison across different studies. 

In terms of examining the overall goodness of fit of a diameter distribution model, 

Reynold’s EI has been heavily drawn upon in stem diameter distribution studies (Reynolds et 

al., 1988). The main difference between the different versions of the EI found in the literature 

(Table 2.A1) lies in the varying weighting schemes of the cumulative absolute error component. 

Reynolds et al. (1988) suggested that wood volume or dollar value of a particular tree could be 

used as a weighting factor. However, the value of EI, as a ratio, would be difficult to interpret 

due to the inconsistent magnitude between the error in stem frequency prediction and wood 

volume or dollar value. The same problem would occur if the cumulative absolute error 

component in EI was not weighted, due to its direct connection with stem density and plot size. 

The EI proposed by Packalén and Maltamo (2008) improved its utility by calculating the 

absolute difference between the relative proportions of predicted and observed stems in each 

size class, bringing the range of EI between zero and one. Nonetheless, it is not able to 

differentiate between predicted and observed diameter distributions when they have the same 

shape yet different stem densities. Lindberg et al. (2010) modified the EI by scaling it with the 

total observed number of stems, resulting in an EI ranging from zero to one unless 

overestimation of stem frequency occurs with large margins of error. Depending on the 

accuracy of a given diameter distribution model, the probability of having an EI > 1 might not 

be low. In addition, this definition of EI inherently assigns an unbalanced penalty for over- and 

under-estimation of stem density: an imperfect prediction for a certain plot would result in 

different EI values, if the predicted and observed values were swapped, with underestimation 

receiving a smaller EI, due to the large denominator compared to the case with overestimation. 

This property of EI would lead to misrepresentation of model accuracy. Disadvantages of the 

existing versions of EI gave rise to BEI (Table 2.A1). Its formulation is able to effectively 
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reduce the probability of having a BEI > 1, making it more amenable to interpretation and 

comparison.  

Table 2.A1 Accuracy measures relevant to this study. 

Accuracy measure Equation Description 
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Chapter 3 

Comparison of airborne laser scanning and digital aerial photogrammetry 

for estimating LAI for an uneven-aged tolerant hardwood forest 

Abstract 

Leaf area is of critical importance in ecosystem modeling due to its influence on mass and 

energy exchange in vegetated environments. Digital aerial photogrammetry (DAP), as an 

emerging economical source of three-dimensional information, has exhibited strong promise 

for modelling forest inventory and structural variables. The objective of this study was to 

examine the potential of DAP data for estimating leaf area index (LAI) compared to airborne 

laser scanning (ALS) in an uneven-aged tolerant hardwood forest in Ontario, Canada. To 

facilitate this comparison, two types of metrics were derived from ALS and DAP data: echo-

based metrics from normalized point clouds and metrics from a canopy height model (CHM). 

After these four groups of metrics were processed using a hierarchical variable clustering 

technique, similar functional groups of metrics emerged from ALS and DAP data, regardless 

of their representation (i.e., echo- or CHM-based). However, DAP metrics lacked the capacity 

for characterizing canopy permeability compared to ALS metrics. Two modelling techniques 

were employed to model LAI using echo- and CHM-based metrics derived from ALS and DAP 

data. Random forest (RF) regression generated coefficients of determination (R2) of 0.44 and 

0.04 for echo-based ALS and DAP metrics respectively. Meanwhile, multiple linear regression 

proved to be more suitable for LAI modelling, (i.e., R2 = 0.63 and 0.26 for echo-based ALS 

and DAP metrics respectively). Due to the suboptimal representation of gap fraction 

information, CHM-based models were less accurate than echo-based models for ALS data, 

with a R2 of 0.23 and 0.52 from RF and linear regression respectively. However, such a 

discrepancy was not observed between echo- and CHM-based DAP models. This can be 
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attributed to the lack of understory returns in DAP point clouds, limiting its capacity to 

characterize LAI holistically through the entire canopy vertical profile.  

3.1 Introduction 

Leaf area index (LAI), a dimensionless variable defined as the maximum projected leaf 

area per unit ground area (Myneni et al., 1997), serves as a surrogate for the amount of green 

vegetation present over any given area on the Earth’s surface. It has been used to model a 

variety of physical and biological processes in vegetated environments, such as photosynthesis, 

transpiration, respiration, and rainfall interception (Chen & Cihlar, 1996). Accordingly, LAI is 

a key input parameter to numerous climate and ecological models (Landsberg & Waring, 1997; 

Cramer et al., 1999). Ground-based LAI mensuration typically relies on destructive sampling 

or indirect measurements based on optical instruments (Weiss et al., 2004; Jonckheere et al., 

2004; Chen et al., 1997). However, these ground-based approaches can only cover limited area 

on the ground following a given sampling strategy, and thus remain labour-intensive. Therefore, 

numerous efforts have been made to develop spatially-explicit models of LAI using remote 

sensing, due to its capacity (and efficiency) for collecting earth observations over large scales 

(Zhu et al., 2013; Zheng & Moskal, 2009; Chen et al., 2003). 

Researchers have examined the utility of vegetation indices derived from multispectral or 

hyperspectral imagery for modelling LAI (Lee et al., 2004; Gong et al., 2003; Turner et al., 

1999). However, these optical-based estimates tend to saturate at high LAI levels (Gao et al., 

2013; Brantley et al., 2011; Yang et al., 2006). As an active remote sensing instrument, airborne 

laser scanning (ALS) has proven to be effective and reliable for estimating various forest 

inventory and biophysical variables, due to its unique capacity for characterizing horizontal 

and vertical forest structure simultaneously in the form of three-dimensional (3D) point clouds 

(Tang et al., 2014; Jensen et al., 2008; Lim et al., 2003). Compared with optical imagery, ALS 

has the potential to overcome the problem of saturation in LAI modelling over areas with dense 
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vegetation cover (Richardson et al., 2009; Riaño et al., 2004). A comparative study has 

examined the utility of low density discrete return ALS data and high spatial resolution 

WorldView-2 imagery for modelling LAI in a mixedwood boreal forest in Ontario, Canada, 

and much stronger correlations were found between LAI and ALS height and density metrics, 

compared to Normalized Difference Vegetation Index (NDVI) derived from WorldView-2 

imagery (Pope & Treitz, 2013). 

Morsdorf et al. (2006) proposed an ALS surrogate for LAI as a ratio between the number 

of first canopy returns and the sum of last and single canopy returns, where canopy returns are 

defined as returns above a given threshold (i.e., 1.25 m). A number of similar metrics based on 

a ratio of returns, leveraging the concept of contact frequency in the canopy, have been 

developed to model LAI using ALS data (Sumnall et al., 2016; Peduzzi et al., 2012; Korhonen  

et al., 2011; Solberg et al., 2009). Hopkinson and Chasmer (2009) have also examined the 

utility of ALS intensity data for modelling fractional cover across multiple forest ecozones and 

ALS survey configurations. Among a total of four metrics assessed in this study, intensity-

based metrics outperformed those based on return ratios, albeit with a small margin. The pulse 

return intensity ratio, a ratio between the total intensity for canopy returns and the sum of 

intensity for all returns, had the strongest correlation with field measured fractional cover. 

However, a modified intensity return ratio based on Beer's Law (Hopkinson & Chasmer, 2007) 

was found to be the most robust across various datasets and ecozones, with a slope close to 

unity and an intercept approaching the origin in regression analyses. A recent study conducted 

by Sumnall et al. (2016) compared the predictive power of 12 different ALS-based LAI indices 

across multiple managed Loblolly pine forests in North Carolina and Virginia. Those using all 

returns were proven to be more accurate and robust than those using specific return types (e.g., 

first and single). However, the various LAI indices based on all returns were highly correlated 

with each other. Therefore, the development of ALS-based LAI indices has reached a similar 
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stage to those derived from optical data, albeit without suffering from saturation issues 

(Sumnall et al., 2016).  

Recently, image-based point clouds derived from digital aerial photogrammetry (DAP) 

using image-matching algorithms present a more affordable alternative to ALS data. Due to 

the lack of returns at ground level, image-based point clouds cannot generate bare-earth digital 

elevation models (DEM) on their own. However, with an existing DEM, image-based point 

clouds can be normalized in the same manner as ALS point clouds and subsequently used as a 

data source to derive predictive metrics and a canopy height model (CHM). Considering that 

accurate DEMs can be derived from ALS data, image-based point clouds pose a viable option 

for updating forest resource inventory in a cost-effective manner (Goodbody et al., 2017; White 

et al., 2013). Vastaranta et al. (2013) compared the predictive power of ALS and image-based 

point clouds for modelling forest inventory variables in an even-aged and single-layer forest in 

Finland. Despite the minor differences between ALS- and DAP-based metrics, comparable 

correlations were found between these metrics and forest inventory variables (e.g., height, 

biomass, and volume). However, greater discrepancy between ALS and DAP models was 

found for inventory variables closely associated with the height of the upper canopy envelope 

than those associated with the understory component (i.e., stand density). The potential of 

DAP-based point clouds for modelling size class distribution has also been examined in a 

boreal forest, and a DAP model was able to achieve similar accuracy as the ALS model, within 

a non-parametric modelling framework (Penner et al., 2015). However, the potential of DAP 

data for modelling LAI remains largely unexplored.  

In addition to metrics directly derived from ALS point clouds (i.e., echo-based), numerous 

studies have developed predictive models of forest structure using metrics derived from the 

CHM (i.e., CHM-based). Compared to echo-based metrics, which require specialized software 

packages to process point cloud data, CHM-based metrics can be readily computed from a 
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single CHM covering the region of interest, which poses a less demanding alternative in terms 

of computation and storage. This has given rise to an interesting debate with respect to the 

choice of metrics for forestry applications of ALS data (Chirici et al., 2016).  Ozdemir and 

Donoghue (2013) computed echo-based ALS metrics as well as texture measures from an ALS-

CHM for modelling tree size diversity in a range of forest stands in England. Even though 

information conveyed by these two types of metrics complemented each other, the CHM-based 

model proved to be more accurate than the echo-based model, especially for tree height 

diversity. CHM-based metrics derived from ALS data have also been used to model 

aboveground biomass, forest standing volume, and stand development stage (Chirici et al., 

2016; Barbati et al., 2009; Parker & Russ, 2004). A more recent study has compared the utility 

of echo-based and CHM-based metrics for modelling a variety of forest inventory and 

structural variables in two Italian forests (Bottalico et al., 2017). Using linear regression models, 

no difference was observed between the accuracies of the echo-based and CHM-based models. 

Despite the abundance of echo-based LAI indices in the literature (Sumnall et al., 2016), the 

utility of CHM-based metrics has not been examined to any significant degree in the context 

of LAI modelling. 

The overall aim of this study is to evaluate the potential of DAP, in comparison to ALS 

data, for modelling LAI in an uneven-aged tolerant hardwood forest in the Great Lakes–St. 

Lawrence Forest Region, Ontario, Canada. The specific objectives are: (i) to examine the 

hierarchy of information contained in the ALS and DAP data using a variable clustering 

approach; (ii) to compare their model accuracies using two types of metrics (i.e., echo-based 

and CHM-based); (iii) to compare the performance of parametric linear regression and the non-

parametric random forest (RF) as well as the variables selected by these two distinct modelling 

techniques for LAI modelling. 
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3.2 Materials and Methods 

3.2.1 Study Area 

Situated within the Great Lakes - St. Lawrence (GLSL) Forest Region of Ontario, Canada, 

the Haliburton Forest (HF) (45°17' N, 78°34' W) is an actively managed, privately owned forest 

covering roughly 23,800 ha (Figure 3.1). This upland forest experiences an average annual 

temperature and precipitation of 4.9 °C and 1100 mm respectively (Sackett et al., 2012). With 

80 percent forest cover, HF is dominated by Sugar Maple (Acer saccharum), with lesser 

amounts of Balsam Fir (Abies balsamea), Eastern Hemlock (Tsuga canadensis), American 

Beech (Fagus grandifolia), and Yellow Birch (Betula alleghaniensis) (Hossain & Caspersen, 

2012). Due to the implementation of partial harvest silviculture systems for the past 40 years, 

HF is characterized as an uneven-aged forest (Spriggs et al., 2017; Arii et al., 2008; Mrosek et 

al., 2006). 
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Figure 3.1 Location of the study area in Ontario, Canada (Source: Google Maps, 2017). 

3.2.2 Field Data 

In the summer of 2015, a selection of 80 sampling plots from an existing network of forest 

inventory plots were visited (Shang et al., 2017; Spriggs et al., 2015). All the plots were circular 

in shape, with a radius of 28.2 m (i.e., 0.25 ha). The plot center locations were georeferenced 

with a Trimble ProXT GPS unit to achieve sub-meter accuracy. At each plot, a total of five 

digital hemispherical photographs were collected with one photograph associated with the plot 

center and additional photographs taken 15 m from the plot centre in the four cardinal directions 
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(Figure 3.2). Set up at 1.3 m above ground and pointed upwards, the WinSCANOPYTM camera 

system used for this study consisted of a compact mirrorless digital single-lens reflex (DSLR) 

camera, a custom hemispherical lens, and a self-leveling mount (Regent Instruments Inc., 

Quebec City, Canada). To maximize the separability between the sky and the canopy elements, 

we avoided taking hemispherical photographs under direct beam conditions. The acquired 

hemispherical images were processed using the WinSCANOPY 2014a program (Regent 

Instruments Inc.) using the LAI-2000 retrieval algorithm (Welles & Norman, 1991). After the 

images were processed, the mean of the set of five images associated with each plot was used 

as an estimate of the plot-level LAI. These estimates represent effective LAI (LAIe), with no 

clumping corrections applied, thereby assuming a random foliage distribution within the 

canopy. In addition, LAIe incorporates the areas of woody (i.e., branches and stems) as well as 

foliage components within the field of view, which would require species-specific parameters 

to further convert into true LAI.  

 

Figure 3.2 Digital hemispherical photographs sampling scheme in a 0.25 ha circular plot. 

3.2.3 ALS Data 

Small-footprint discrete return ALS data were acquired in the summer of 2009 using an 

Optech ALTM 3100 system (Teledyne Optech Inc., Vaughan, Ontario, Canada). The flying 
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altitude was approximately 1500 m above ground level, with a scan frequency of 36 Hz, a scan 

half angle of 16°, a pulse repetition frequency of 70 kHz, and 30% overlap between adjacent 

flight lines (Shang et al., 2017; Spriggs et al., 2015). This configuration produced ALS height 

data with up to four returns per pulse and a nominal point density of 1.7 points m-2. The ALS 

data were normalized with a triangular irregular network (TIN) created by the vendor using 

ALS points classified as ground returns. 

3.2.4 DAP Data 

HF was imaged with the Leica ADS40 system in the summer of 2007 as part of Ontario’s 

FRI acquisition (Pitt et al., 2014). The ADS40 imagery consisted of four spectral bands (near-

infrared: 835 to 885 nm, red: 610 to 660 nm, green: 535 to 585 nm, and blue: 430 to 490 nm) 

with a spatial resolution of 0.4 m and a panchromatic band with a spatial resolution of 0.2 m. 

Three-dimensional point clouds were derived by the vendor using the semi-global matching 

(SGM) technique (Penner et al., 2015; Gehrke et al., 2010; Pitt et al., 2014). The resulting point 

cloud data had an average point density of 2.6 points m-2. Since image-based point clouds 

primarily characterize the outer canopy envelope and lack returns at the ground level (White et 

al., 2018; Vastaranta et al., 2013; White et al., 2013), they were normalized based on the TIN 

derived from the ALS data. 

3.2.5 Predictor Variables 

To compare the utility of echo- and CHM-based metrics for estimating LAI, these two 

types of metrics were computed from the ALS and DAP data. The echo-based metrics were 

based on returns intersecting each 0.25 ha plot. Similarly, the CHM-based metrics were 

obtained from CHM (1 m spatial resolution) cells intersecting the individual field plots after 

the CHM was derived from normalized point clouds. The echo-based metrics derived from the 

ALS data included percentiles, density metrics, and a number of statistics characterizing the 
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distribution of the height and intensity data, which have exhibited strong predictive power for 

a number of forest inventory and biophysical variables (Woods et al., 2011; Shang et al., 2017). 

Hopkinson and Chasmer (2009) demonstrated that a canopy-to-total returns ratio (i.e., the 

number of ALS returns above a 2 m height threshold over the total number of returns in a plot) 

achieved comparable accuracy for modelling fractional cover to intensity-based fractional 

cover metrics. Since DAP point clouds do not contain any backscattered intensity data, we 

derived this canopy-to-total returns ratio from ALS- and DAP-based point clouds, in an attempt 

to examine this ratio’s relationship with other echo-based metrics and its potential for 

modelling LAI. A total of 85 echo-based metrics were derived from the ALS data, including 

height and intensity metrics. Since DAP data are photogrammetry based (i.e., no intensity data), 

only 50 echo-based metrics were derived from the DAP point clouds. Due to the two-

dimensional nature of CHMs, a smaller number of CHM-based metrics were derived compared 

to the echo-based predictors. The CHM-based metrics were comprised of descriptive statistics 

characterizing the distribution of CHM cells, including minimum, maximum, mean, standard 

deviation, skewness, kurtosis, and a canopy relief ratio (CRR) (Bottalico et al., 2017; Parker & 

Russ, 2004). In addition, a series of canopy cover metrics (i.e., cc2, cc4, …, cc20) were 

generated as the proportion of CHM cells above a certain height threshold (Pitt et al., 2014).  

3.2.6 Statistical Analysis 

As a popular non-parametric technique in the remote sensing community (Belgiu & 

Drăguţ, 2016; Rodriguez-Galiano et al., 2012; Pal, 2005), the RF model does not operate based 

on assumptions of data distribution (Breiman, 2001). This characteristic of RF adds to its 

usability in a variety of application areas, especially in the presence of a large number of 

predictor variables (Belgiu & Drăguţ, 2016; Chan & Paelinckx, 2008; Pal, 2005). As an 

ensemble tree-based model, RF is comprised of a multitude of classification and regression 

trees (CART), and each tree model is trained with a subset of input features (controlled by the 
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parameter mtry) using a bootstrapped sample of the original calibration data. As a result, 

approximately one third of the calibration data were not used to train each CART (Breiman, 

2001). These unused samples, also referred to as out-of-bag (OOB) data, can serve the purpose 

of estimating variable importance: with predictor variables permuted one at a time within a RF 

model, the variation in model accuracy can be evaluated through the OOB data. The greater 

the accuracy degrades (i.e., increased error), the more important the variable being assessed 

through permutation (Breiman, 2001). More specifically, this variable importance measure is 

calculated as the average percentage increase in mean squared error (%IncMSE). The R 

package randomForest (Liaw & Wiener, 2002) was adopted to calibrate the RF models using 

each of the four groups of predictor variables (i.e., ALS-CHM, DAP-CHM, ALS-ECHO, DAP-

ECHO). The default parameters were adopted, with the number of regression trees (i.e., ntree) 

set to 500, the number of predictor variables sampled at each split (i.e., mtry) set to one third 

of the total number of variables, and a minimum terminal node size (i.e., nodesize) of five. 

Given the large number of echo-based metrics derived from ALS and DAP data, 

collinearity among these variables is unavoidable (Maltamo & Gobakken, 2014).  Even though 

non-parametric techniques (e.g., RF and k-NN) do not rely on assumptions that predictor 

variables are statistically independent (Penner et al., 2013; Breidenbach et al., 2010; Hudak et 

al., 2008), the presence of collinearity may hinder their performance (Karlson et al., 2015; 

Dormann et al., 2013). In the case of RF, collinearity could pose bias in variable importance 

estimation and result in suboptimal predictive accuracy (Chrysafis et al., 2017; Karlson et al., 

2015; Nicodemus et al., 2010). To address this issue, a number of studies have employed 

wrapper-based variable selection approaches (Immitzer et al., 2018; Liu et al., 2017; Naidoo et 

al., 2012), where RF models are fitted recursively with a decreasing number of predictor 

variables in each iteration and the variables associated with the most accurate model are 

selected (Ma et al., 2017). Despite its contribution to improved model accuracy, wrapper-based 
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variable selection techniques are not intended to reveal systematic information within the initial 

set of predictor variables (Pal & Foody, 2010). For highly correlated variables, the selection 

outcome is random, and the utility of statistically similar variables as functional groups is not 

presented, due to the performance-oriented goal of the wrapper-based approach. 

Therefore, a hierarchical variable clustering algorithm implemented in the R package 

ClustOfVar (Chavent et al., 2011) was employed to investigate the structure within the metrics 

derived from ALS and DAP and subsequently reduce the redundancy (i.e., collinearity) among 

the predictor variables. This hierarchical clustering algorithm uses a bottom-up approach and 

groups one pair of the most correlated predictor variables at each step until one cluster remains, 

forming a dendrogram of the variables (Figure 3.3). The optimal number of variable clusters 

to retain after partitioning the dendrogram was determined by the adjusted Rand index (Hubert 

& Arabie, 1985). With the optimal number of variable clusters determined, highly correlated 

predictor variables were grouped into the same clusters, while relatively independent variables 

remained in different clusters. Given the high correlation between variables falling into the 

same clusters (i.e., functional groups), one variable was selected to represent the information 

contained in each cluster, thus reducing the redundancy among the initial set of predictor 

variables. This variable clustering procedure was applied to the four groups of predictor 

variables (i.e., ALS-CHM, DAP-CHM, ALS-ECHO, DAP-ECHO) and the selected variables 

were used as input to RF for modelling LAI. The CHM-based metrics selected by this 

procedure are presented in Table 3.1 for ALS and DAP data. In order to facilitate a systematic 

comparison between ALS and DAP, principal component analyses (PCA) were applied to the 

variables associated with the individual functional groups of echo-based ALS and DAP metrics, 

such that the first principal components could represent the majority of information conveyed 

by these functional groups. Subsequently, Pearson correlation coefficients were derived for 
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corresponding functional groups (represented by their first principal components) of ALS and 

DAP in order to compare their similarities and differences. 

Table 3.1 CHM-based ALS and DAP metrics selected by the variable clustering algorithm. 

Variables Variable description ALS DAP 

cc2 Crown closure 2 m and above (Woods et al., 2014) √ √ 

cc6 Crown closure 6 m and above √  

cc8 Crown closure 8 m and above √ √ 

cc14 Crown closure 14 m and above √ √ 

cc18 Crown closure 18 m and above √ √ 

CHM.min CHM minimum √ √ 

CHM.max CHM maximum √ √ 

CHM.stdev CHM standard deviation  √ √ 

CHM.skewness CHM skewness √ √ 

CHM.kurtosis CHM kurtosis √ √ 

CHM.CRR CHM canopy relief ratio √  

Despite its ease of use and competitive performance (Li et al., 2016; Naidoo et al., 2012; 

Lawrence et al., 2006), RF can be more challenging to interpret and computationally 

demanding compared to regression models. In addition, RF lacks the ability to directly model 

linear relationship between predictor and response variables due to its nature as a tree-based 

technique. Therefore, linear regression models were developed in an attempt to examine 

whether they could outperform the RF models with fewer input variables and improve the 

interpretability of relationships between these metrics and LAI. However, owing to the large 

number of echo-based metrics derived from ALS and DAP data, the number of selected 

representative variables was still relatively large after the variable clustering procedure (i.e., 

57 and 37 for ALS and DAP metrics respectively), hindering the application of the best subsets 

technique for developing linear regression models (Hudak et al., 2006). Hence, a group of 

variables with the highest %IncMSE scores from the RF models were used as input to the best 

subsets regression because of their strong contribution towards modelling LAI. This more 

refined selection of echo-based ALS and DAP metrics is shown in Table 3.2. 
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Using the best subsets technique (Hudak et al., 2006), multiple linear regression models 

with a significance level of 0.05 were developed for the four groups of predictor variables. The 

Bayesian information criteria (BIC) was used to determine the best model for each group. Since 

only one representative variable was selected from the individual clusters of highly correlated 

variables, the variance inflation factors (VIFs) for the final models were all under 10. The 

Shapiro–Wilk Test for normality of residuals and the Breusch-Pagon Test for homoscedasticity 

was performed to inspect whether the assumptions of linear regression were satisfied (Royston, 

1982; Breusch & Pagon, 1979). To examine the accuracy of predictive models over a full range 

of forest conditions, calibration and validation of the multiple regression models was 

undertaken using a 10-fold cross-validation method, and model accuracy was evaluated using 

coefficient of determination (R2), relative root mean square error (%RMSE), and relative bias 

(%bias).  
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Table 3.2 Echo-based ALS and DAP metrics selected by the variable clustering algorithm. 

Variables Variable description ALS DAP 

Return.count Number of returns in DAP point cloud  √ 

Return.3.percentage Proportion of third returns √  

Return.4.percentage Proportion of fourth returns √  

Elev.minimum Minimum height  √ 

Elev.mean Mean height √ √ 

Elev.stddev Standard deviation of height √ √ 

Elev.CV Coefficient of variation of height √ √ 

Elev.AAD Average Absolute Deviation of height  √ 

Elev.IQ Interquartile distance of height √ √ 

Elev.kurtosis Height kurtosis √ √ 

Elev.skewness Height skewness  √ 

Elev.L.kurtosis Height L-moment kurtosis √ √ 

Elev.L.skewness Height L-moment skewness  √ 

Elev.L4 Height 4th L-moment (Wang, 1996) √  

Elev.MAD.median Median of the absolute deviations from the overall 

median height 

√ √ 

Elev.MAD.mode Median of the absolute deviations from the overall 

mode height 

√ √ 

VCI Vertical complexity index (van Ewijk et al., 2011) √  

CRR Canopy relief ratio √  

Elev.P01 1st height percentile  √ 

Elev.P05 5th height percentile √ √ 

Elev.P10 10th height percentile √ √ 

Elev.P20 20th height percentile √  

Elev.P25 25th height percentile √ √ 

Elev.P30 30th height percentile √  

Elev.P40 40th height percentile √ √ 

Elev.P75 75th height percentile  √ 

Elev.P95 95th height percentile √  

D1 1st density metric (Woods et al., 2008) √ √ 

D2 2nd density metric √  

D3 3rd density metric  √ 

D4 4th density metric  √ 

D5 5th density metric  √ 

D8 8th density metric √  

Db Single returns/all returns √  

Int.CV Coefficient of variation of intensity √  

Int.L.kurtosis Intensity L-moment kurtosis √  

Int.mean Mean intensity √  

Int.P20 20th intensity percentile √  

Int.P40 40th intensity percentile √  
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3.3 Results and Discussion 

3.3.1 Variable Clustering 

Since the number of CHM-based metrics derived from the ALS and DAP data was 

relatively small compared to their echo-based counterparts (and were predominantly canopy 

cover metrics), the corresponding variable dendrograms had relatively simple structures 

(Figure 3.3). For ALS and DAP, the CHM-based metrics were organized into two primary 

variable clusters. The first represented canopy cover measured at a relatively low height 

threshold (i.e., cc2 ~ cc10), while the second represented canopy cover measured at greater 

heights (i.e., cc12 ~ cc20). The main difference between the structure of the dendrograms 

associated with ALS and DAP was that the CHM-based skewness, kurtosis, and canopy relief 

ratio were allocated to the understory cluster for ALS and to the overstory cluster for DAP, 

which may in part be attributed to the concentration of DAP echoes at the outer canopy 

envelope. 
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Figure 3.3 Variable dendrograms obtained by the variable clustering procedure for CHM-

based ALS (left) and DAP (right) metrics. The two primary clusters are highlighted in red and 

green in each dendrogram. In both cases, metrics in the red cluster represent canopy cover 

characteristics at greater heights (i.e., the overstory cluster), while those in the green cluster 

represent canopy cover characteristics at lower heights (i.e., the understory cluster). 

The dendrogram associated with echo-based ALS metrics (Figure 3.4) revealed five 

fundamental functional groups of variables characterising forest structure. The first was 

comprised of height and density metrics, with the lower end of the height percentiles (e.g., 

Elev.P20, Elev.P30) and density metrics (e.g., D1, D2) depicting lower strata (i.e., understory) 

within the vertical canopy profile. It is worth noting that the factional cover metric (FC) was 

placed into the same variable cluster as D1. A closer inspection revealed a Pearson correlation 

coefficient of -0.997 between FC and D1. Given that D1 represents the proportion of returns 

within the lowest 10 percent of the vertical space while the threshold for FC was set to be 2 m, 

the strong correlation was expected. Due to the high similarity, only one was retained in 

subsequent analyses. In contrast, the second functional group consisted primarily of high-order 

percentile metrics (i.e., Elev.P40 ~ Elev.maximum); thereby characterizing the overstory. The 

only intensity metric in this cluster, Int.minimum, had a moderate correlation with maximum 

height (Pearson correlation coefficient (r) = -0.4), suggesting the minimum observed 
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backscattered energy tends to be lower in taller stands. Functional group three consisted of a 

number of high-order intensity percentiles (e.g., Int.P70 ~ Int.maximum), possibly a surrogate 

for overall reflectance of the overstory (Donoghue et al., 2007; García et al., 2010). In 

comparison, the low-order intensity percentiles (i.e., Int.P05 ~ Int.P60) were found in 

functional group four, together with the low-order height percentiles (i.e., Elev.P05 and 

Elev.P10) and the proportions of first, second, third, and single returns (Figure 3.4). 

Interestingly, a strong negative correlation was found between the low-order intensity 

percentiles and the return proportions. For example, Int.P05 was significantly correlated with 

both the proportion of the second and the third ALS returns (i.e., r < -0.8). Stands with a higher 

proportion of intermediate returns can be deemed to be relatively permeable, where the first 

returns are generally not too strong to inhibit the triggering of subsequent returns. With a higher 

proportion of pulses with which the associated pulse energy is backscattered through multiple 

returns, the low-order intensity percentiles would be reduced due to the greater amount of 

energy lost (i.e., backscattered) through the precedent returns. Therefore, this variable cluster 

was likely a representation of the overall permeability of the canopy profile. Finally, the fifth 

functional group was comprised of metrics delineating the overall distribution of the ALS 

height and intensity data, especially with respect to the sharpness of the distribution (i.e., 

Elev.kurtosis and Int.kurtosis) (Figure 3.4). 
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Figure 3.4 Variable dendrogram obtained by the variable clustering procedure for echo-based 

ALS metrics. The clusters highlighted in different colors represent five functional groups of 

ALS metrics characterising forest structure. From top to bottom, the variable clusters are 

referred to as functional groups one through five in the text. 

With a slightly lower number of variables, the echo-based DAP metrics can be dissected 

into four functional groups (Figure 3.5). The first consists of metrics characterizing the 

variability of the DAP height data (e.g., Elev.AAD and Elev.variance). The vegetation 
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complexity index (VCI) (van Ewijk et al., 2011) also fell within this variable cluster. Since the 

DAP-derived point cloud primarily characterizes the outer envelope of the canopy with a very 

limited number of echoes near ground level (White et al., 2018; Vastaranta et al., 2013; White 

et al., 2013), the variability of the DAP height data for relatively closed stands would be small. 

Given that most DAP echoes are concentrated in the upper canopy envelope (i.e., not evenly 

distributed) in these stands, their VCI values would be relatively low. In contrast, a larger 

number of DAP “ground echoes” could be found in stands with relatively large gaps, increasing 

the variability and evenness of the DAP echo distribution (Figure 3.6). Therefore, VCI and 

statistics characterizing the variability of DAP data were highly correlated and grouped into 

the same variable cluster. The second functional group was primarily comprised of low-order 

percentiles and density metrics, characterizing the lower strata within the vertical canopy 

profile. Similar to the case with echo-based ALS metrics, D1 and FC were grouped into the 

same cluster, suggesting a strong correlation between them. Interestingly, the number of DAP 

echoes was also included in the second functional group. For ALS data, the number of total 

returns is typically controlled by pulse repetition frequency, flying height, and overlap between 

flight lines, and thus not widely used for modelling forest inventory and biophysical variables 

(Shang et al., 2017; Holmgren et al., 2008; Lim et al., 2003). In contrast, the number of echoes 

in DAP data is more likely to represent the gap availability in forest stands. Due to systematic 

differences between the height measurements made by ALS and DAP, a fraction of the DAP 

echoes near the ground level were slightly below 0 m after the DAP point clouds were 

normalized based on the ALS-derived DEM. To make the range of the normalized DAP point 

clouds consistent with that of the ALS point clouds, these echoes below 0 m were removed. As 

a result, more close-to-ground DAP echoes were removed from plots with more gaps, whereas 

relatively closed plots were able to retain most of their echoes due to the inherent lack of close-

to-ground echoes in these plots. Since the number of echoes for all the field plots were 
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comparable in the raw DAP data, the number of returns after normalization became an 

indication of gap availability, with a higher number of returns corresponding to a more closed 

canopy condition. Functional group three consisted of statistics regarding the shape of the 

height distribution. For example, skewness and kurtosis characterizes the level of asymmetry 

and sharpness of the DAP height distribution respectively. The last functional group (i.e., four) 

was comprised of a number of high-order height percentiles and density metrics (e.g., Elev.P20 

~ Elev.maximum, D6 ~ D9). The 20th to the 30th percentiles are typically considered low-order 

percentile metrics (Woods et al., 2011; Means et al., 2000). However, due to the lack of close-

to-ground echoes, these DAP percentiles were associated with much higher heights than their 

ALS counterparts. For example, the average 20th percentile for DAP was 12.1 m among all the 

field plots, while that of ALS was only 4.8 m. Thus, the 20th to the 30th DAP height percentiles 

were grouped into the same cluster as the higher order percentile metrics. 
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Figure 3.5 Variable dendrogram obtained by the variable clustering procedure for echo-based 

DAP metrics. The clusters highlighted in different colors represent four functional groups of 

DAP metrics characterising forest structure. From top to bottom, the variable clusters are 

referred to as functional groups one through four in the text. 
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Figure 3.6 Cross-sectional profile of point clouds for a relatively closed plot (left) and a 

relatively open plot (right). Top: DAP; Middle: ALS; Bottom: ALS + DAP. 

3.3.2 Random Forest Models 

RF models based on ALS metrics consistently outperformed those based on DAP metrics. 

Even though all four models had low bias (i.e., %bias < 0.2%), the echo-based ALS model 

possessed R2 = 0.44 and %RMSE = 7.5%, while the echo-based DAP model exhibited R2 = 

0.04 and %RMSE = 9.8% (Table 3.3). Compared to the echo-based ALS model, the CHM-

based ALS model also had much lower accuracy, R2 = 0.23 and %RMSE = 8.8%; likely 

attributable to a loss of information on the vertical distribution of forest structure when the 

CHM was derived from the point cloud, turning a three-dimensional representation of the forest 

into a 2.5-dimensional representation. Chirici et al. (2016) examined the utility of echo- and 

CHM-based ALS metrics for modelling above-ground biomass in central Italy using parametric 

and non-parametric approaches, and these two types of metrics were found to be comparable 

in terms of predictive accuracy regardless of the nature of modeling technique. Only one 

predictor variable was used to build the regression and non-parametric k-NN models: the 

selected echo-based predictor was Elev.P60 and Elev.P70 for linear regression and k-NN 
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respectively, while average height was selected as the CHM-based metric for both regression 

and k-NN models (which was highly correlated with these two height percentiles) (Chirici et 

al., 2016). Given the simplistic structure of these models, the comparable performance between 

the echo- and CHM-based above-ground biomass models may in part be attributed to a strong 

linear relationship between tree height and above ground biomass in their study site. In addition, 

ALS intensity metrics were not considered in their study, which may have limited the potential 

of the echo-based models, since intensity metrics have been found to contribute to the accuracy 

and robustness of above-ground biomass models (Allouis et al., 2013; García et al., 2010; Kim 

et al., 2009). 

In contrast to the ALS models, the CHM-based DAP model had comparable accuracy to 

the echo-based DAP model (R2 = 0.05; %RMSE = 9.7%), suggesting that the type of metric 

derived from DAP data (i.e., echo-based or CHM-based) did not have much influence on the 

accuracy of the RF models. In addition, the significant discrepancy in performance between 

ALS and DAP indicated that DAP lacks the inherent information needed to model LAI 

accurately in an uneven-aged tolerant hardwood forest as encountered in this study. As can be 

seen from Figure 3.6, DAP has almost no echoes below 3 m for the closed plot, while ALS has 

a much larger number of echoes in this height range, including ground returns critical for 

generating a DEM. This distinction can be attributed to the ability of ALS to penetrate through 

the forest canopy, allowing for a much more detailed characterization of the understory. As a 

matter of fact, the fused point cloud combining both ALS and DAP data closely resembles the 

ALS point cloud, and the contribution of the DAP is only exhibited through the improved 

details pertaining to the overstory (Figure 3.6). For a more open plot with lower LAI, the 

difference between the ALS and DAP point clouds was less significant, since they both 

contained a sufficient number of ground echoes characterizing the open gap in this plot. 
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However, the understory component was still under-characterized in the DAP point cloud, 

which contributed to the poor accuracy of the DAP models discussed above. 

Table 3.3 RF models for LAI using echo- and CHM-based metrics derived from ALS and DAP 

as input. The R2, %RMSE, and %bias of the most accurate model are highlighted in bold.  

Data Predictors Number of 

variables 

R2 %RMSE %Bias 

ALS Echo-based 57 0.44 7.5% 0.12% 

CHM-based 11 0.23 8.8% -0.07% 

DAP Echo-based 37 0.04 9.8% 0.17% 

CHM-based 9 0.05 9.7% -0.08% 

The capability of ALS to penetrate through the forest canopy and characterize the entire 

vertical profile was further proved to contribute directly to its predictive power for LAI in the 

variable important plots (Figure 3.7). Compared to the overstory cluster, the understory cluster 

exhibited stronger contribution towards LAI modelling. Among the eleven CHM-based ALS 

metrics, cc2, cc6, CHM.stdev, and CHM.skewness had importance scores of over five, while 

the importance scores for metrics associated with the overstory cluster were consistently below 

five. Interestingly, the negative importance score associated with CHM.max implied that the 

RF model tended to be more accurate without the maximum height of the CHM as an input. 

This was expected since existing studies have not identified any direct relationship between 

canopy height and LAI (Korhonen et al., 2011; Hopkinson & Chasmer, 2009; Zhao & Popescu, 

2009). Compared to the CHM-based ALS metrics, their DAP counterpart generally exhibited 

less importance (%IncMSE < 5), and the contribution between the overstory and understory 

clusters was relatively even (Figure 3.7). This may in part be attributed to the fact that the 

canopy cover metrics derived from DAP-based CHM at lower height level lacked the ability 

to characterize the actual canopy cover in this height range, due to the lack of understory echoes 

in the DAP point cloud. 
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Figure 3.7 Variable importance measured by %IncMSE in RF for CHM-based metrics derived 

from ALS (left) and DAP (right) after redundancy among these metrics were reduced by the 

variable clustering procedure. The colors used to represent variables in different variable 

clusters are kept consistent with the ones in Figure 3.3. 

The CHMs derived from ALS and DAP exhibited similar spatial patterns (Figure 3.8). 

However, it is worth noting that the CHMs derived from ALS contained small “pits”, while the 

CHMs derived from DAP appeared smoother. Since the same procedures were used to generate 

CHMs from ALS and DAP, this difference was entirely due to the abundance of penetrating 

ALS echoes and the lack of such characteristic in DAP. The presence of such “pits” may be 

considered noise in the process of individual tree extraction based on CHM, since they are 

typically associated with understory returns (Khosravipour et al., 2014). However, they convey 

valuable information on gap fraction, thus contributing to the estimation of LAI (Sumnall et 

al., 2017; Tang et al., 2014; Zhao et al., 2012). In addition, a discrepancy in minimum elevation 

was found between the ALS- and DAP-based CHM for the relatively closed plot (i.e., 0 m and 

5 m respectively), which was also caused by the lack of penetrating echoes in the DAP data 

(Figure 3.8). 
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Figure 3.8 CHMs for a relatively closed plot (left) and a relatively open plot (right). Top: ALS; 

Bottom: DAP. 

In addition to the CHM-based metrics, the echo-based metrics also exhibited varying 

potential for modelling LAI, depending on their functional group membership (Figure 3.9). 

The most important echo-based ALS metrics were associated with functional group one, which 

is associated with the understory. The 5th and 10th height percentiles from the fourth functional 

group also exhibited strong contribution towards the predictive model. This was expected due 

to their moderate correlation with the low-order height percentiles and density metrics in 

functional group one, which collectively characterizes canopy permeability/density and gap 

fraction (Korhonen & Morsdorf,  2014; Armston et al., 2013; Morsdorf et al., 2006). Echo-

based ALS metrics allocated to the fifth functional group, which delineate the shape of the ALS 

height and intensity distribution, also exhibited moderate importance for LAI, albeit to a lesser 

extent compared to the ones related to gap fraction. Metrics related to the overall or top height 

of the forest (i.e., functional group two) contributed marginally to the model (Figure 3.9), 

corroborating the findings presented above. Similar to ALS metrics, the echo-based DAP 

variable cluster encompassing low-order DAP density metrics and height percentiles exhibited 
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the strongest predictive power for LAI among all four functional groups. This demonstrated 

that gap fraction information conveyed by understory metrics was more useful for modelling 

LAI than other types of DAP metrics, despite the lack of echoes in this height range. 

 

Figure 3.9 Top 20 most important echo-based metrics measured by %IncMSE in RF for ALS 

(left) and DAP (right) after redundancy among these metrics were reduced by the variable 

clustering procedure. The colors used to represent the variables in different variable clusters 

are kept consistent with the ones in Figure 3.4 and 3.5. 

Even though DAP did not exhibit comparable utility to ALS for modelling LAI, a 

systematic comparison between the functional groups contained in these two types of 3D 

remotely-sensed data could help uncover the similarities and differences between ALS and 

DAP. As discussed above, DAP lacks the ability to effectively characterize gap fraction, 

canopy permeability and volumetric scattering information (i.e., intensity), which may convey 

unique information for species classification. However, the functional groups characterizing 

overstory height in ALS and DAP respectively had a Pearson correlation coefficient (r) of 0.90 

(Figure 3.10). This demonstrates that ALS and DAP share the capacity, to a large extent, for 
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characterizing stand height, which corroborates the findings in previous studies where 

predictive models based on DAP exhibited similar accuracy as ALS for modelling forest height 

attributes (Tompalski et al., 2018; White et al., 2016; Vastaranta et al., 2013). In contrast, the 

correlation between the ALS and DAP functional groups associated with gap fraction was 

much weaker (r = 0.56), which explains the limited accuracy of DAP models of LAI. Among 

the various functional groups derived from ALS and DAP, the one associated with the shape 

of the distribution of the height data also exhibited relatively strong correlation between ALS 

and DAP (r = 0.68) (Figure 3.10). Therefore, DAP could potentially play the role of updating 

ALS-based estimates of forest variables that rely on this particular type of metric, such as forest 

successional stages (van Ewijk et al., 2011), volume (Penner et al., 2013), and species 

classification (Ke et al., 2010). 

 

Figure 3.10 Scatter plots of the first principal components (PC1) of ALS and DAP functional 

groups characterizing: (a) the overstory height; and (b) the shape of the distribution of the 

height data. 

3.3.3 Linear Regression Models 

Compared to the RF models, the linear regression models exhibited consistent 

improvement in accuracy. The R2 of the echo- and CHM-based ALS model has improved from 
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0.44 to 0.63 and 0.23 to 0.52 respectively (Table 3.4). The DAP models were still much less 

accurate than their ALS counterparts, despite the improved R2 (i.e., 0.04 ~ 0.05 to 0.26 ~ 0.27). 

The consistent discrepancy in performance between ALS and DAP can be largely attributed to 

the lack of understory echoes in DAP data, which severely compromised its capacity for 

estimating gap fraction and LAI (Sumnall et al., 2016; Bouvier et al., 2015; Peng et al., 2014). 

The importance of the understory echoes was also demonstrated by the difference in goodness-

of-fit between the echo- and CHM-based ALS models. Some of the understory ALS echoes 

manifested as “pits” in the CHMs (Figure 3.8) contributed to the improved predictive accuracy 

of the CHM-based ALS model over the CHM-based DAP model. However, information on 

gap fraction was partly lost as the three-dimensional point clouds were transformed into CHMs, 

resulting in a lower accuracy for the CHM-based ALS model compared to the echo-based ALS 

model. 

From RF to linear regression, the %RMSEs decreased in conjunction with the increase of 

R2. The biases of the echo-based regression models have been improved from 0.12% and 0.17% 

to -0.04% and -0.06% respectively for ALS and DAP, while the CHM-based regression models 

had slightly higher bias values than those of the CHM-based RF models. Nevertheless, all four 

regression models were relatively unbiased, given the largest bias was as low as 0.16% (Table 

3.4). The improvement in accuracy compared to RF models could be ascribed to the 

parsimonious structure of the regression models. Even though the redundancy among the initial 

set of predictor variables was reduced by the variable clustering procedure, some of the 

remaining variables may not provide useful information for discriminating plots in different 

ranges of LAI or gap fraction. For example, high-order intensity percentiles and descriptive 

statistics in functional group three of echo-based ALS metrics were absent from the list of the 

top 20 most important variables, implying that the information they carry, albeit unique 

compared to the other functional groups, did not contribute strongly to LAI modelling. Due to 
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their low correlation with the target variable, the presence of such non-contributing variables 

would reduce the probability of useful predictors being selected by each regression tree in RF, 

thus hindering its performance. In contrast, the best subsets approach leveraged strong linear 

predictors of LAI (e.g., D1, Elev.P20) without incorporating irrelevant predictors, thereby 

contributing to improved accuracy of the regression. 

Table 3.4 Multiple linear regression models for LAI using echo- and CHM-based metrics 

derived from ALS and DAP as input. The R2, %RMSE, and %bias of the most accurate model 

are highlighted in bold.  

Data Predictors Selected variables R2 %RMSE %Bias 

ALS Echo-based D1, Elev.P20, Elev.P40 0.63 6.1% -0.04% 

CHM-based cc2, CHM.skewness, CHM.CRR 0.52 6.9% 0.16% 

DAP Echo-based Return.count, Elev.CV, D1 0.27 8.5% -0.06% 

CHM-based cc2, cc10, CHM.min 0.26 8.6% 0.15% 

Since the level of correlation between the selected predictors was moderated through VIF, 

they each contain relatively unique information complementary to each other. Among the three 

echo-based ALS metrics selected by the best subsets procedure, D1 and Elev.P20 fell into the 

same functional group (characterizing gap fraction) (Figure 3.4), but they were allocated to two 

distinct sub-clusters. This suggests that they were relatively independent, even though they 

conveyed similar information on gap fraction. Even though Elev.P40, the third echo-based ALS 

metric selected for modelling LAI, was not among the top 20 most important variables listed 

in Figure 3.9, the additional information it provided on mid-story height complemented the gap 

fraction information conveyed in the first two predictors, thus leading to a more accurate 

predictive model. 

The CHM-based ALS metrics selected by the regression model also demonstrated the 

importance of gap fraction related information to LAI modelling. All three variables (i.e., cc2, 

CHM.skewness, and CHM.CRR) originated from the CHM-based functional group 
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characterizing canopy cover at lower height (i.e., understory cluster), which corresponded well 

with the high variable importance scores of metrics associated with this particular group 

(Figure 3.7). Compared to the overstory functional group, low-order cover metrics provided 

more holistic observations of canopy cover and gap fraction since the entire canopy profile was 

sampled, thus providing more complete representations of gap fraction. Similar to the case with 

the echo-based ALS model, the CHM-based ALS metrics included in the regression model 

stemmed from three distinct sub-clusters within the understory functional group (Figure 3.3), 

meaning that they contribute complementary information on LAI, albeit all related to gap 

fraction. 

3.4 Conclusion 

This study assessed the potential of DAP, in comparison to ALS, for modelling LAI in an 

uneven-aged tolerant hardwood forest in Ontario, Canada. Variable dendrograms revealed that 

echo- and CHM-based metrics derived from ALS and DAP data exhibited similar functional 

groups. However, DAP data lack the ability to characterize canopy permeability compared to 

ALS. Regardless of the choice of modelling technique, ALS models consistently exhibited 

more predictive power than the DAP models, a result attributed to the less accurate gap fraction 

information conveyed by the DAP data. Compared to CHM-based ALS metrics, echo-based 

ALS metrics exhibited stronger potential for modelling LAI, as CHM-based metrics primarily 

characterize the upper canopy envelope as opposed to the entire vertical canopy profile. Owing 

to the scarcity of penetrating echoes in the DAP data, no notable difference was found between 

the accuracy of the echo- and CHM-based DAP models. As a non-parametric technique, RF 

was less effective at capturing linear relationships between predictor variables and LAI. As a 

result, linear regression models were more accurate than RF for both ALS and DAP, using 

either echo- or CHM-based metrics. Nevertheless, the predictor variables selected by these two 

modelling techniques were highly similar and unequivocally related to gap fraction. Given that 
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RF is also more computationally demanding than regression, caution should be exercised when 

using RF for modelling forest inventory and biophysical variables, despite its ease of use and 

assumption-free estimation, especially for large-scale mapping programs. Despite the fact that 

DAP did not exhibit comparable utility to ALS for modelling LAI, their capacity for 

characterizing overstory canopy height was highly similar. In addition, relatively strong 

correlations were found between the ALS and DAP functional groups characterizing the shape 

of the height distribution. Therefore, DAP data may exhibit stronger utility for modelling forest 

variables such as successional stage, stem volume, and species composition that rely on this 

type of metrics. 
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Chapter 4 

Estimation of forest structural and compositional variables using ALS data 

and multi-seasonal satellite imagery 

Abstract 

Advanced forest resource inventory (FRI) information is of critical importance for 

sustainable forest management. FRIs are dependent on remote sensing data and processing 

methods, along with field calibration/validation to generate cost-effective options for 

modelling forest inventory and biophysical variables over large areas. The objective of this 

study was to examine the impact of combining multi-seasonal multispectral satellite imagery 

with airborne laser scanning (ALS) data for estimating basal area, species mixture and stem 

density for an uneven-aged tolerant hardwood forest in Ontario, Canada. Using random forest 

(RF) regression as a non-parametric diagnostic technique, three multispectral optical sensors 

(i.e., Landsat-5 TM, Sentinel-2A and WorldView-2) were compared to examine the most cost-

effective sensor configuration for modelling FRI variables. The contribution of spectral 

predictors derived from these optical sensors as well as ALS height and intensity metrics were 

evaluated using RF variable importance. As part of our variable selection framework, all 

predictor variables were grouped into relatively independent clusters using a hierarchical 

variable clustering technique, which revealed the distinctiveness between information 

contained in spectral predictors, height- and intensity-based metrics. This indicates that ALS 

intensity data carry unique information complementary to passive near-infrared data for forest 

characterization. ALS data alone did not result in accurate models for basal area and species 

mixture, but predictive accuracies were improved significantly with the addition of spectral 

predictors. Compared to single-date images, multi-seasonal imagery proved to be more 

accurate for modelling FRI variables, especially when combined with ALS data. Despite its 

limited spatial resolution, Sentinel-2A was found to be the most cost-effective image source 
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for enhancing ALS-based FRI models. Using variables identified by the variable selection 

procedure, best subsets regression outperformed the RF models developed for diagnostic 

analysis, resulting in a suite of accurate and parsimonious predictive models, with coefficients 

of determination of 0.73, 0.90 and 0.67, for basal area, species mixture, and stem density, 

respectively. 

4.1 Introduction 

Forests are one of the most important renewable resources that humans rely on for social, 

economic, and environmental well-being (Hansen et al., 2013; Falkowski et al., 2009; Bonan, 

2008). Over the past few decades, awareness of a changing climate, increasing energy prices 

and growing need for more sustainable forest management practices have resulted in calls for 

more accurate, comprehensive and cost-effective forest monitoring systems (Puddister et al., 

2011; Wulder et al., 2004). Due to the labour-intensive nature of ground-based forest 

mensuration, numerous efforts have been made to derive forest resource inventory (FRI) 

information using spatially-explicit models. Considering the demand for sustainable forest 

management, information on forest structure and composition is of critical importance to 

inform silvicultural decisions and optimize the forest value chain (Pitt & Pineau, 2009).  

Owing to its capability for providing a synoptic view of the earth’s surface in a repetitive 

and economical manner, remote sensing has proven to be a valuable data source for forest 

management (Giri et al., 2011; McRoberts et al., 2010). During the past few decades, research 

has focused on the extraction of forest biophysical and inventory variables (i.e., forest structural 

and compositional attributes) at various scales with optical remote sensing systems (Song, 2007; 

Hyyppä et al., 2000; Peterson et al., 1988). Despite the availability of numerous advanced 

image processing techniques with varying levels of reported success, optical remote sensing 

continues to lack the inherent capability of measuring the vertical structure of the forest (Mora 

et al., 2013; Ozdemir & Karnieli, 2011; Falkowski et al., 2009). Although the increasing 

http://www.sciencedirect.com/science/article/pii/S0034425717303334?_rdoc=1&_fmt=high&_origin=gateway&_docanchor=&md5=b8429449ccfc9c30159a5f9aeaa92ffb&dgcid=raven_sd_recommender_email#bb0260
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availability of high spatial resolution imagery has alleviated this issue to some extent with 

respect to model accuracy (Xu et al., 2015; Chen et al., 2012; Pasher & King, 2010), predictive 

models based on optical data have yet to gain sufficient accuracy and precision to become 

operational (Xu et al., 2015). In contrast, airborne laser scanning (ALS) characterizes forest 

structure in the form of three-dimensional (3D) point clouds, thus containing unique 

information on the vertical characteristics of the forest (Lim et al., 2003). 

Holmgren et al. (2008) compared high spatial resolution airborne multispectral imagery 

to discrete return ALS data for species classification in southern Sweden using an individual 

tree-based approach; the overall accuracy of the multispectral data was slightly lower than that 

of the ALS data (i.e., 88% and 91% respectively). Erdody and Moskal (2010) estimated canopy 

height and canopy base height using ALS and digital imagery. Even though the combined use 

of both data sources led to the highest model accuracy, the goodness-of-fit of the imagery-only 

model was approximately 50% of the ALS model. Similar results have been reported by Tonolli 

et al. (2011) and Estornell et al. (2012), where multispectral imagery and ALS data were 

compared for estimating stem volume as well as the volume and biomass of shrub vegetation. 

Given the enhanced accuracy of the synergistic approach, there is strong incentive for 

incorporating optical data into existing ALS-based forest inventories (Laurin et al, 2014; Koch, 

2010; Dalponte et al., 2008). However, systematic analyses examining the utility of optical 

data has been lacking in the context of modelling forest structural and compositional variables 

over large areas. Given the higher acquisition costs of very high spatial resolution imagery, it 

is necessary to determine if these data (e.g., WorldView) provide more accurate estimates than 

lower spatial resolution (and freely available) datasets (e.g., Landsat TM and Sentinel-2A). In 

particular, multitemporal, moderate-resolution remote sensing data have exhibited strong 

potential for forest type classification, species differentiation and estimation of forest inventory 

variables (Chrysafis et al., 2017; Zhu & Liu, 2014; Li et al., 2013). However, the utility of 



 

97 

 

multitemporal optical imagery compared to ALS data for modelling forest structural and 

compositional variables has not been examined to any significant degree. 

Given the nature of multitemporal remote sensing and ALS data, a very large number of 

predictor variables can be derived, many of which exhibit high levels of collinearity (Maltamo 

& Gobakken, 2014).  In contrast, due to the absence of requirements for specific distribution 

of the predictor variables, non-parametric techniques pose a popular solution to this dilemma 

(Penner et al., 2013; Breidenbach et al., 2010; Hudak et al., 2008). However, the presence of 

collinearity among predictor variables may still compromise the utility of non-parametric 

techniques. In the case of random forest (RF) (Breiman, 2001), a typical non-parametric model, 

collinearity could induce bias in variable importance estimation and hinder the algorithm from 

reaching optimal performance (Chrysafis et al., 2017; Karlson et al., 2015; Nicodemus et al., 

2010). To address this issue, a number of studies have undertaken variable selection using 

variable importance features of RF (Immitzer et al., 2018; Liu et al., 2017; Naidoo et al., 2012). 

This approach is typically referred to as a wrapper method, where RF models are fitted 

recursively with a decreasing number of predictor variables in each iteration and the set of 

variables found in the most accurate RF model becomes the selection outcome (Ma et al., 2017). 

Despite the gain in predictive accuracy, wrapper methods are not designed to reveal systematic 

information contained in the predictor variables (Pal & Foody, 2010). In the presence of 

clusters of highly correlated variables, the selection outcome is random on these statistically 

similar variables, which may hinder the recognition of key functional groups of predictor 

variables (i.e., hierarchy of information). Despite numerous studies that utilize variable 

selection strategies to improve model performance, such hierarchical information structure 

within ALS and multitemporal optical remote sensing data is still under-examined in the 

context of FRI.  
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In addition to the partial reliance on variable selection techniques to reach optimal 

predictive accuracy, non-parametric models are generally less amenable to interpretation, 

owing to relatively complex model structures. A recent study compared the random forest (RF) 

regression technique with generalized linear models (GLMs) for modelling vascular plant 

species richness in a complex second growth forest in Chile, and the latter was found to be 

more accurate due to its ability to specify a negative binomial data distribution targeted for 

count data (Lopatin et al., 2016). Despite the moderate point density of their ALS acquisition 

(i.e., approximately 5 points/m2), no echo-based metrics were derived directly from the ALS 

point cloud (Lopatin et al., 2016). Instead, raster-based metrics were computed from a digital 

terrain model (DTM) and a canopy height model (CHM) derived from the ALS data. Given 

that the DTM and CHM may not contain all the information conveyed by the three-dimensional 

point cloud, metrics derived from these surfaces may not have taken full advantage of the ALS 

data, and thus the results of the model comparison may not hold true for models taking echo-

based metrics as input. A similar comparison was conducted by Penner et al. (2013) using low 

density ALS data (0.82 points/m2) for modelling a suite of FRI variables for a boreal forest in 

Ontario, Canada. Even though seemingly unrelated regression (SUR) and RF reached 

comparable accuracy, RF was found to be more suitable than SUR for developing operational 

FRI models because it does not require model stratification to reach competitive accuracy 

(Penner et al., 2013). However, this study did not make use of a systematic variable selection 

procedure. As a result, the SUR models may not have reached optimal accuracy, due to their 

higher levels of dependence on selected variables compared to RF (Mutanga et al., 2012; Cohen 

et al., 2003). Despite the mixed use of parametric and non-parametric modelling techniques in 

the literature, the unique advantages they each possess is unequivocal. Parametric models are 

parsimonious and easy to interpret (Treitz et al., 2012; Woods et al., 2011); non-parametric 

models require no statistical assumptions to operate yet can offer competitive performance 
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(even in the presence of correlated predictor variables) and useful internal measures of variable 

importance (Chrysafis et al., 2017; Naidoo et al., 2012). To the best of our knowledge, studies 

that utilize the synergistic power of these two classes of techniques for modelling FRI variables 

have been lacking.  

As ALS evolves, more efforts have been made to exploit intensity data, rather than height 

data alone (Shang et al., 2017; García et al., 2010; Donoghue et al., 2007). These studies have 

demonstrated that models taking advantage of ALS height and intensity metrics were more 

accurate than those based on height data alone. With the advent of multispectral ALS sensors 

(e.g., Teledyne Optech Titan), height and intensity data are being collected at multiple 

wavelengths. A recent study utilized Titan multispectral ALS data for species classification at 

the individual tree level, and the intensity data were found to contribute information 

complementary to 3D metrics (Budei et al., 2017). Regarding the acquisition mechanism, ALS 

intensity data are distinctive from the near-infrared (NIR) channels of multispectral optical 

sensors. However, the similarities and differences between these two types of “spectral” data 

are not well understood, especially considering the difficulties in calibrating ALS intensity data 

(Korpela et al., 2010).  

Given this context, the overall aim of this study is to evaluate the potential of multi-

seasonal multispectral imagery for enhancing ALS-based estimation of basal area, species 

mixture, and stem density in an uneven-aged tolerant hardwood forest in the Great Lakes–St. 

Lawrence Forest Region, Ontario, Canada. The specific objectives are: (i) to examine the utility 

of multi-seasonal imagery for estimating selected FRI variables compared to single-date 

imagery and ALS; (ii) to assess the cost-effectiveness of high spatial resolution data (i.e., 

WorldView-2) relative to freely available multispectral data (i.e., Landsat-5 TM and Sentinel-

2A); (iii) to compare and contrast the information contained in the near-infrared bands of these 

optical sensors and ALS intensity data using a hierarchical clustering approach; and (iv) to 
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showcase the potential of a two-step modelling framework for estimating FRI variables that 

leverages the synergy between non-parametric and parametric techniques. 

4.2 Material and Methods 

4.2.1 Study Area 

The Haliburton Forest (HF) (45°17' N, 78°34' W) is located within the Great Lakes - St. 

Lawrence (GLSL) Forest Region of Ontario, Canada (Figure 4.1). The average annual 

temperature and precipitation is approximately 4.9 °C and 1100 mm respectively (Sackett et 

al., 2012). HF is an actively managed, privately owned forest covering 23,800 ha with 80 

percent forest cover (Figure 4.1). Sugar Maple (Acer saccharum) is the dominant tree species, 

with Balsam Fir (Abies balsamea), Eastern Hemlock (Tsuga canadensis), American Beech 

(Fagus grandifolia), and Yellow Birch (Betula alleghaniensis) being co-dominant species 

(Hossain & Caspersen, 2012). The implementation of partial harvest silviculture systems for 

the past 40 years has resulted in an uneven-aged landscape in HF (Spriggs et al., 2017; Arii et 

al., 2008; Mrosek et al., 2006). 

 

Figure 4.1 Location of the study area in Ontario, Canada (Source: Google Maps, 2017). 
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4.2.2 Field Data 

During the summers of 2010 and 2011, 97 sample plots were established in HF following 

a stratified random sampling strategy, covering a gradient of ecosite and canopy openness 

conditions (Shang et al., 2017; Spriggs et al., 2015). All plots were circular, with a radius of 

28.2 m (i.e., 0.25 ha). For all trees with a diameter at breast height (DBH) ≥ 8 cm, measurements 

for DBH, tree species, and status (living or dead) were collected. The plot center locations were 

georeferenced with a Trimble ProXT GPS unit to achieve sub-meter accuracy. A suite of forest 

inventory variables was derived from the field data, including plot-level basal area (BA), stem 

density, and the proportion of conifer trees by relative basal area (RBA) (Table 4.1). RBA 

serves as a surrogate for species mix, such that forest structural and species information is 

available for decision support in forest management.  

Table 4.1 Descriptive statistics of the examined forest attributes for Haliburton Forest. 

Attribute Average Min Max Standard deviation 

BA (m2/ha) 28.31 9.75 45.88 7.39 

Conifer RBA (%) 0.31 0.00 0.94 0.24 

Stem density (stems/ha) 790.40 400.00 1784.00 334.20 

 

4.2.3 ALS Data 

Small-footprint discrete return ALS data (39 flight lines) were collected in August, 2009 

with an ALTM 3100 sensor (Teledyne Optech Inc., Vaughan, Ontario, Canada) mounted in a 

Cessna Turbo 206 Stationair aircraft (Lim Geomatics Inc., Ottawa, Canada). The instrument 

was flown at an altitude of approximately 1500 m above ground level, with a scan half-angle 

of 16°, a pulse repetition frequency of 70 kHz, a scan frequency of 36 Hz, and 30% overlap 

between adjacent flight lines (Shang et al., 2017; Spriggs et al., 2015). This resulted in a 

nominal point density of 1.7 points m-2. A triangular irregular network (TIN) was created by 
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the vendor based on ALS points classified as ground returns, which was used to normalize the 

ALS height data.  

With respect to the radiometric processing of the ALS intensity data, the most widely used 

normalization approach to date aims to account for the attenuation of pulse energy associated 

with varying path lengths of the ALS returns (Donoghue et al., 2007; Hopkinson, 2007). 

However, a key input required by this normalization technique, observed range (i.e., the 

distance between the position of the recorded returns and the ALS sensor), is typically not 

provided by the vendor. Due to the lack of range data, we did not apply normalization to our 

ALS intensity data. 

4.2.4 Multispectral Imagery 

The optical data used for this study consisted of six cloud-free, multi-seasonal images, 

acquired by three multispectral sensors (i.e., Landsat-5 TM, Sentinel-2A, and WorldView-2). 

Landsat and WorldView are well-established earth observation programs that have exhibited 

tremendous value to natural resources monitoring at distinct spatial scales (Wulder et al., 2016; 

Immitzer et al., 2012). In contrast, Sentinel-2, a relatively new earth observation mission, 

covers similar spectral bands as Landsat (i.e., TM, ETM+, and OLI), yet with enhanced spectral 

and spatial resolution (Drusch et al., 2012). Sentinel-2A, the first Sentinel-2 satellite launched 

in 2015, has exhibited strong potential for crop and tree species classification (Immitzer et al., 

2016) and leaf area index (LAI) estimation (Korhonen et al., 2017); however, its potential for 

modelling FRI variables remains largely unexplored. 

To examine the utility of multi-seasonal multispectral imagery for estimating FRI 

variables, two images were acquired for each sensor during leaf-on and leaf-off conditions 

(Table 4.2). The two Landsat images were acquired in 2011, in the same time window as our 

field data collection, while the Sentinel-2A and WorldView-2 images were acquired in 2016 
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and 2015 respectively. The discrepancy between the acquisition years is primarily due to the 

fact that Sentinel-2A was not launched until 2015, while the WorldView-2 images were tasked 

in 2015 for detailed species classification. It is anticipated that changes in forest inventory and 

compositional variables over five years should be small compared to differences between field 

plots (i.e., representing spatial variation) in the study area (no sample plots were harvested 

during this period). Due to stringent requirement on cloud cover, snow cover, and full leaf-off 

status during image acquisition, the leaf-off images from the three different sensors were 

acquired in two different seasons (i.e., spring for Landsat and Sentinel-2A; fall for WorldView-

2). Considering possible partial snow cover and snow melt conditions in the spring images, the 

discrepancy in seasonality may cause variations in spectral signatures between the spring and 

fall images. This is not ideal for strict comparison purposes, yet unavoidable from an 

operational perspective. Despite such differences in seasonality, all the leaf-off images serve 

the purpose of improving the contrast between conifer- and deciduous-dominated forest stands 

in predictive models. The Landsat-5 TM scenes were atmospherically corrected using the 

Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS) (Masek et al., 2006). 

The Sentinel-2 SEN2COR processor implemented in the Sentinel Application Platform (SNAP) 

(version 5.0.7) was used to convert top-of-atmosphere reflectance to surface reflectance for the 

Sentinel-2A images (Vuolo et al., 2016). Atmospheric correction for the WorldView-2 images 

was performed using the FLAASH atmospheric correction module in ENVI 5.4. 

Table 4.2 Multi-seasonal multispectral imagery examined in this study.  

Sensor Resolution (m) Leaf-on 

acquisition 

Leaf-off 

acquisition 

Spectral bands 

used 

Sentinel-2A 10 & 20 2016-08-15 2017-03-23 2 ~ 8; 8a; 11; 

12  

WorldView-2 2 2015-07-11 2015-11-17 1 ~ 8 

Landsat-5 TM 30 2011-07-03 2011-04-30 1 ~ 5; 7 
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4.2.5 Predictor Variables 

In order to compare the utility of ALS- and imagery-based predictors for estimating FRI 

variables, we examined two types of predictor variables from the remotely-sensed data: (1) 

height- and intensity-based metrics (Shang et al., 2017; Woods et al., 2011); and (2) spectral 

variables derived from Landsat-5 TM, Sentinel-2A, and WorldView-2 imagery (Table 4.2). 

The ALS metrics were calculated based on all returns (i.e., first, intermediate, and last) 

intersecting each 0.25 ha plot. Similarly, the spectral variables were obtained from all the pixels 

intersecting the individual plots following an area-based approach (ABA) (Koch, 2010). In 

addition to the plot-level average reflectance values for each band from the three sensors, plot-

level coefficient of variation (CV) of reflectance values was incorporated as an image texture 

measure to test for the benefits of high spatial resolution imagery (St-Louis et al., 2009; Culbert 

et al., 2009; Kuplich et al., 2005). A total of 200 predictor variables were derived (104 ALS 

metrics and 96 spectral variables). The inclusion of predictor variables from these two data 

sources (i.e., active and passive) allows for a direct comparison between ALS intensity-based 

metrics and near-infrared data from multispectral instruments, shedding light on the rationale, 

or lack thereof, behind utilizing ALS intensity data for modelling FRI variables. If they contain 

similar information, the use of ALS intensity data cannot be justified, owing to the difficulty 

in intensity calibration (Korpela et al., 2010) and the wide availability of optical imagery. 

4.2.6 Statistical Analysis 

4.2.6.1 Diagnostic analysis using random forest 

To determine the utility of optical imagery and ALS data for modelling FRI variables, a 

two-step modelling approach was developed (Figure 4.2). The first step aims to determine the 

potential of different optical sensors, ALS, and their synergy for estimating forest structural 

and compositional variables. In particular, predictor variables derived from these two data 

sources (ALS and optical imagery) were configured into four categories based on richness of 
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data (i.e., the number of data sources as input): leaf-on imagery only, leaf-off imagery only, 

leaf-on + leaf-off imagery, and leaf-on + leaf-off imagery + ALS. Since we incorporated 

Landsat-5 TM, Sentinel-2A, and WorldView-2 imagery into our analyses, spectral variables 

derived from these sensors were examined independently from each other. As a result, we 

obtained a total of 12 predictor groups (four richness categories × three sensors). 

As a non-parametric technique gaining popularity in the remote sensing community 

(Belgiu & Drăguţ, 2016; Rodriguez-Galiano et al., 2012; Pal, 2005), the RF model is free from 

assumptions based on data distribution (Breiman, 2001). This feature of RF makes it 

particularly suitable for diagnostic analysis, where goodness-of-fit benchmarks are established 

for multiple sensor combinations with a large number of predictor variables. Since relative 

usefulness of the optical sensors for modelling FRI variables is determined compared to ALS 

data, the need for variable selection procedures to fine-tune the individual RF models can be 

circumvented. This allows for efficient evaluation of the potential of different remotely-sensed 

datasets for modelling FRI attributes. After RF was performed on each of the 12 predictor 

groups for the three selected forest attributes, R2 values derived from out-of-bag (OOB) data 

were used as surrogates for goodness-of-fit, since they are generally reported as conservative 

estimates of model accuracy (Oliveira et al., 2012). For comparison purposes, ALS-only and 

full models utilizing all 200 predictor variables were also developed for each FRI variable using 

RF. Being an ensemble tree-based model, RF consists of a number of decision tree classifiers, 

and each tree classifier is trained with a subset of input features using a bootstrap sample of the 

original calibration data. This allows for the derivation of variable importance scores using 

OOB data by permuting predictor variables one at a time: the greater the accuracy decreases 

(i.e., increased error) after the permutation, the more important the variable being examined 

(Breiman, 2001). More precisely, this variable importance score is represented as the average 
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percentage increase in mean squared error (%IncMSE). To determine the predictor variables 

most sensitive to each FRI attribute, %IncMSE scores were obtained from the three full models. 

The R package randomForest (Liaw & Wiener, 2002) was used to calibrate the RF models. 

Since these models primarily serve the purpose of internal comparisons at the diagnostic stage 

(i.e., between different predictor groups for different forest attributes), parameter tuning was 

not conducted. The default parameters were adopted, with the number of regression trees (i.e., 

ntree) set to 500, the number of predictor variables sampled at each split (i.e., mtry) set to one 

third of the total number of variables, and a minimum terminal node size (i.e., nodesize) of five. 

Despite its ease of use and reasonably good predictive power, RF can be difficult to interpret 

and more computationally demanding compared to regression models. Therefore, we aim to 

develop more parsimonious and potentially more accurate models in the second step of our 

modelling framework by leveraging regression techniques. After the goodness-of-fit baselines 

were established for all 12 predictor groups in the first step, those exhibiting good predictive 

potential were further analyzed in the second step (i.e., variable reduction and final model 

development) (Figure 4.2). The diagnostic analysis would have been much more cumbersome 

using parametric techniques, due to the need for scrutinizing model specification and residual 

distribution. 

4.2.6.2 Variable selection 

Due to the large number of predictor variables within each predictor group, a two-step 

variable selection strategy was developed to facilitate the development of parsimonious and 

interpretable models (Figure 4.2). The primary objectives of common variable selection 

approaches are to remove predictors with low relevance to the variables of interest and reduce 

the redundancy between remaining variables (Zhu et al., 2015; Galelli & Castelletti, 2013; 

Chen et al., 2012). Here, we first reduced redundancy within the initial set of predictor variables 

using a hierarchical variable clustering algorithm (hclustvar) implemented in the R package 
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ClustOfVar (Chavent et al., 2011). This clustering process can be conceptualized and 

visualized through a dendrogram (e.g., Figure 4.5). Using a bottom-up approach, the most 

correlated predictors identified by the squared Pearson correlation are merged at each step until 

one cluster remains. To determine the optimal number of variable clusters to retain after 

partitioning the dendrogram, the adjusted Rand index (Hubert & Arabie, 1985) was calculated. 

As a result, highly correlated predictor variables were grouped into the same clusters, while 

relatively independent variables remained in different clusters. Subsequently, one 

representative predictor variable was selected from each variable cluster.  

The second step of our variable selection strategy extracted variables relevant to the forest 

attributes of interest. The representative variables emerging from the variable clustering phase 

were evaluated using the variable importance measure (%IncMSE) of RF. To improve the 

computational efficiency of our model (i.e., directly related to the number of variables in a 

model) and alleviate the risk of developing a model with high variance, the top 30 variables 

with the highest variable importance scores were retained. Since the first step of our variable 

selection strategy only examines the similarity between predictor variables, the reduction of 

redundancy is independent from the choice of response variables. Therefore, variable clustering 

based on the initial 200 predictor variables was performed only once. In contrast, the second 

step required three iterations, one for each forest attribute, assuming the utilities of the predictor 

variables may vary between different forest attributes. 

4.2.6.3 Linear regression model 

After the two-step variable selection procedure, the number of predictor variables was 

reduced significantly for all the response variables (Figure 4.2). Since these systematically 

selected predictor variables have low redundancy and high relevancy to the response variables, 

multiple linear regression models with a significance level of 0.05 were developed using the 

best subsets technique (Hudak et al., 2006). The Bayesian information criterion (BIC) was used 
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to select the best model for each response variable. To avoid overfitting, the maximum number 

of predictor variables in each regression model was set to six. During model selection, the 

variance inflation factors (VIFs) were closely monitored, and regression models suffering from 

high-collinearity (i.e., containing variables with VIFs > 10) were discarded. To determine 

whether the assumptions of linear regression were met by the candidate models, statistical tests 

were performed using the Shapiro–Wilk Test and the Breusch-Pagon Test for normality of 

residuals and homoscedasticity respectively (Royston, 1982; Breusch & Pagon, 1979). To 

assess the robustness of predictive models over a full range of forest conditions, calibration and 

validation was conducted using a 10-fold cross-validation approach, where predictive accuracy 

was measured by the coefficient of determination (R2), relative root mean square error 

(rRMSE), and bias. 

 

Figure 4.2 Workflow diagram of the two-step modelling framework consisting of: (i) 

diagnostic analysis to determine the predictive potential of different predictor groups and the 

most influential predictor variables for each forest inventory variable using RF; and (ii) final 

model development stage where accurate and parsimonious regression models are constructed 

following a two-step variable selection strategy.   
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4.3 Results and Discussion 

4.3.1 Diagnostic Analysis using RF 

Single-season spectral predictors exhibited varying predictive power for each of the three 

FRI variables (Figure 4.3). For BA and conifer RBA, spectral predictors derived from Landsat-

5 TM and Sentinel-2A under leaf-off conditions exhibited greater accuracy than those from 

leaf-on. The leaf-on WorldView-2 image proved to be more useful than the leaf-off acquisition 

for modelling BA, but the trend is reversed for species mixture (i.e., conifer RBA). This can be 

attributed to the distinctive spectral signatures for deciduous and conifer trees under leaf-off 

conditions, when deciduous trees are devoid of foliage. In the context of ABA, the enhanced 

spectral differences between conifer and deciduous species under leaf-off conditions 

contributes directly to the estimation of the percentage of conifer trees in each plot. For stem 

density, similar accuracies were achieved by the leaf-on and leaf-off spectral predictors, with 

the predictive power of the latter lagging slightly behind. However, when these two groups of 

predictors were combined, their synergistic predictive power exhibited greater correspondence 

with stem density (Figure 4.3). In contrast, the accuracy of the RF models based on multi-

seasonal imagery was not significantly improved from the best single-season models for BA 

and conifer RBA. This holds true for all three optical sensors, with the only exception being 

the WorldView-2 model for conifer RBA, where the multi-seasonal model outperformed the 

single-season models. 

Among the spectral models, Landsat-5 TM exhibited the poorest overall utility for 

modelling the selected forest inventory variables, which may in part be attributed to its 

relatively coarse spatial and spectral resolution. Spectral predictors derived from Sentinel-2A 

featured the highest accuracy for modelling BA. Nonetheless, WorldView-2 was found to be 

the most successful optical sensor for modeling conifer RBA and stem density. After ALS-

based predictors were added to the spectral models, the predictive power of the RF models was 
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greatly improved for BA and stem density. It is interesting to note that the ALS-only model 

only achieved a R2 of 0.34 for BA, which is greater than the accuracy of the leaf-on TM and 

Sentinel-2A model but lower than all three leaf-off optical models. However, the combined use 

of ALS and optical data exhibited much stronger predictive power for BA (i.e., R2 = 0.65 for 

the ALS + multi-seasonal Sentinel-2A model) than models based on a single source of 

remotely-sensed data (R2 = 0.26 ~ 0.44). Given that existing studies have reported higher 

accuracy for BA (R2 > 0.8) using ALS data as the only model input in Ontario, Canada (Treitz 

et al., 2012; Woods et al., 2008), the lower ALS accuracy for BA observed here may in part be 

ascribed to the unique management style (i.e., resulting in an uneven-aged forest) and species 

compositions in HF. Since these two earlier studies employed regression models instead of RF, 

the choice of modelling technique may also have contributed to the difference (i.e., to be 

discussed in section 3.3). With a R2 of 0.59, the ALS-only model exhibited much higher 

accuracy for stem density than the optical models (R2 = 0.11 ~ 0.45). However, given the 

comparable accuracies between the ALS-only and the full model (i.e., R2 = 0.63), spectral 

predictors do not appear to contribute complementary information for modelling stem density 

(Figure 4.3). This demonstrates the unique role of ALS data for characterizing forest structural 

variables compared to optical data. 

When it comes to species mixture modelling, the spectral predictors made a stronger 

contribution than the ALS metrics (Figure 4.3). The addition of ALS metrics to the optical 

models only led to marginal improvement in model accuracy for Landsat-5 TM and Sentinel-

2A. For WorldView-2, the combined model (i.e., WorldView-2 + ALS) was outperformed by 

the multi-seasonal WorldView-2 model. The reason behind this is likely two-fold. First, even 

though RF does not assume predictor variables to be statistically independent, the large number 

of highly correlated ALS metrics can hinder model performance, thus requiring a variable 

selection approach to reach optimum accuracy (Chrysafis et al., 2017; Immitzer et al., 2018; 
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Liu et al., 2017; Chan & Paelinckx, 2008). Second, ALS data carry limited information on 

species composition. Numerous studies have examined the utility of ALS data for species 

modelling, and model accuracies are generally lacking if ALS data are the only source of input, 

especially at the plot level (White et al., 2016; Breidenbach et al., 2010; Brandtberg, 2007). 

Recent developments in multispectral ALS systems has enhanced the capability of ALS for 

modelling species information compared to single-band ALS instruments (Budei et al., 2017); 

however, the operational value warrants further assessment due to its high acquisition cost. 

With the large number of ALS metrics (i.e., 104) added to the multi-seasonal WorldView-2 

model (i.e., containing 32 spectral variables), the overall probability of obtaining a useful 

variable for modelling species mixture is decreased at each split in RF, given the parameter 

‘mtry’ was set to one third of the total number of variables, resulting in reduced performance. 

Similarly, the full BA model did not outperform the more parsimonious model based on multi-

seasonal Sentinel-2A predictors and ALS metrics. For the other two FRI variables, the best 

subsets models reached comparable accuracy to the corresponding full models, indicating that 

the combination of only one optical sensor and ALS is sufficient for enhancing ALS-based 

FRIs. 
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Figure 4.3 Predictive accuracies for three FRI variables derived from RF OOB data, based on 

four data richness groups for three optical sensors. Group 1: leaf-on imagery only; Group 2: 

leaf-off imagery only, Group 3: leaf-on + leaf-off imagery; Group 4: leaf-on + leaf-off imagery 

+ ALS. The accuracies of the ALS-only and full models were also included for reference 

(dashed lines). The full models make use of all the available spectral and ALS predictors while 

the ALS-only models simply include ALS metrics as input. 

 The variable importance information obtained from the three full models corresponded 

well with the predictive power exhibited by the different predictor groups shown in Figure 4.3. 

For BA, the top 30 most important variables were represented by two general classes of 

predictor variables. The first class consists primarily of spectral predictors derived from 

Landsat-5 TM and Sentinel-2A images acquired under leaf-off conditions (Figure 4.4). This is 

consistent with the stronger predictive power of the multi-seasonal and leaf-off models based 

on these two sensors compared to those based on WorldView-2 (Figure 4.3). Considering the 

superior spatial and spectral resolution of WorldView-2 relative to that of Landsat-5 TM, it is 

likely that the shortwave infrared (SWIR) bands available on Sentinel-2A and Landsat-5 TM 

contribute to the improved predictive power of these two sensors over WorldView-2. For 

instance, the SWIR band of the leaf-off Landsat-5 TM image ranked fourth for modelling BA 

(Figure 4.4). Healey et al. (2006) found a strong relationship between the reflectance of Landsat 
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SWIR bands and partial harvest for a coniferous forest in northwestern USA, suggesting a 

negative relationship between SWIR reflectance and BA. This negative relationship could be 

attributed to the occlusion effect associated with higher levels of biomass/BA in a forest (i.e., 

background vegetation not directly visible to the sensor), which dominates over increases in 

SWIR reflectance due to leaf scattering (Puhr & Donoghue, 2000). Furthermore, the SWIR 

band has been identified as a strong indicator of leaf moisture content in a forest canopy 

(Chrysafis et al., 2017; Mohammadi et al., 2010; Cohen & Goward, 2004). 

In addition to the varying spectral channels, the leaf-off WorldView-2 image was acquired 

in November, while the leaf-off Sentinel-2A and Landsat-5 images were acquired in March 

and April respectively. Even though all three months represent leaf-off conditions, the lack of 

model performance associated with the November WorldView-2 image could in part be 

attributed to the remnant foliage on deciduous trees in November. This may have a negative 

impact on the relationship between woody materials and multispectral bands of the leaf-off 

WorldView-2 image, especially in the visible range of the spectrum, given that the most 

important variables for BA are visible bands from Sentinel-2A and Landsat-5 TM. In contrast, 

the partial snow cover present in the spring images could potentially amplify moisture 

differences between forest stands, due to possibly more snow associated with more complex 

branching structures (i.e., higher BA). The second class of predictors that exhibited potent 

utility for modelling BA is comprised of height percentiles, density metrics, and other ALS 

metrics that characterize the statistical distribution of ALS height data. This corroborates well 

with the findings of previous studies, which show that stands with taller trees and higher 

overstory density tend to have higher BA (Penner et al., 2013; Treitz et al., 2012; Packalén & 

Maltamo, 2007; Gobakken & Næsset, 2004). 

Similar to BA, spectral predictors derived from leaf-off images exhibited the strongest 

predictive power towards conifer RBA (Figure 4.4). Leaf-on spectral predictors were also 
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found to carry important information on species mixture, albeit with slightly lower rankings. 

This is not surprising considering the distinctive spectral signature between deciduous and 

conifer trees under leaf-off conditions. Furthermore, local spectral heterogeneity (i.e., 

measured by CVs of spectral reflectance) was found to be an influential predictor for conifer 

RBA. Unlike the case with the BA model, where the most influential spectral predictors 

represented visible wavelengths, the top predictors for conifer RBA included spectral 

predictors covering across the spectrum (i.e., visible, red edge, NIR, and SWIR). 

In addition to the significant potential of spectral predictors for modelling species mixture, 

the domination of one class (i.e., variable cluster 2) of predictors indicates one drawback of the 

RF algorithm that impacts its variable importance rankings as well as its performance. As can 

be seen from the top-ranked variables for conifer RBA, several spectral predictors from the 

same sensor with similar wavelengths were included (e.g., the red edge, NIR1, and NIR2 bands 

of the leaf-off Worldview-2 image; the red, green, and blue bands of the leaf-off Sentinel-2A 

image). These variables were found to be highly correlated, with Pearson correlation 

coefficients greater than 0.9 in both cases. Given that these variables carry almost identical 

information, it is highly likely that they were used interchangeably at different splits in the 

individual regression trees within the RF model. As a result, their variable importance scores 

are skewed because they are shared between these highly correlated predictor variables. In 

addition, a variable importance graph inundated with important yet highly correlated variables 

hinders the interpretation of the contribution of weaker predictors that carry complementary 

information on the response variable. For instance, the contribution of ALS metrics for 

modelling species mixture cannot be well understood with only two ALS metrics present in the 

list of top 30 variables. The presence of highly correlated variables in RF also inflates the 

probability of these variables being selected at different splits, thus increasing the correlation 

between individual regression trees. This will increase the variance of the RF model, 
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compromising its predictive performance. Therefore, the use of a variable selection technique 

in conjunction with RF is highly recommended for not only predictive purposes, but also 

interpretation of variable importance (Karlson et al., 2015; Naidoo et al., 2012; Nicodemus et 

al., 2010). 

In comparison to BA and conifer RBA, the RF model for stem density benefited from a 

wider range of predictor variables, encompassing variables from four out of seven variable 

clusters (Figure 4.4). In contrast to the two previous forest attributes, where spectral predictors 

were the most influential variables, the predictive power of the stem density model can be 

mostly attributed to ALS, with metrics that depict the variability of the ALS height and intensity 

data (e.g., Elev.variance, Elev.stddev, Int.AAD, Int.variance) being the most important 

predictors. The utility of these metrics for modelling stem density and size class distribution 

can be attributed to their ability to characterize the permeability or layering of the canopy, with 

higher height/intensity variability suggesting complex and multi-story stand structure (Shang 

et al., 2017). In addition to ALS-based predictors, several spectral variables exhibited moderate 

importance for modelling stem density. In particular, the blue band from the leaf-on 

WorldView-2 image (i.e., Wv_Jul_B2_mean) ranked fifth in the list of the top 30 most 

important variables. A study conducted by Ozdemir & Karnieli (2011) examined the utility of 

a spring (i.e., May) WorldView-2 image for modelling forest inventory variables for 

afforestation and the blue band was identified as the most useful channel for BA, stem volume, 

and stem diameter diversity. In our RF model, due to the presence of highly correlated variables 

at the top of the list, the contribution of these spectral variables towards stem density modelling 

is biased, and likely underrepresented in this instance.  
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Figure 4.4 Variable importance scores for the top 30 variables emerging from the full models 

developed using RF with all 200 predictor variables as input for each forest inventory variable. 

For interpretation purposes, the dendrogram encompassing all 200 variables is partitioned to 

represent seven clusters, and the variables falling into each cluster are color coded accordingly. 

The clusters represent the following: (1) leaf-on WorldView-2 spectral variables; (2) multi-

seasonal spectral variables from all three sensors; (3) return proportions and the majority of 

ALS intensity metrics; (4) ALS height metrics; (5) Landsat-based texture variables; (6) a subset 

of texture metrics derived from Sentinel-2A; and (7) a subset of intensity metrics. 

4.3.2 Variable Selection 

After both phases of variable selection, the total number of predictor variables were 

effectively reduced from 200 to 34 for all the response variables (Table 4.3). Considering the 

large number of predictor variables (i.e., 200) processed with the variable clustering algorithm, 

visualization of the corresponding dendrogram can be challenging. To showcase the concept 

and reveal the relationship between ALS metrics and spectral predictors derived from the three 

optical sensors, hierarchical clustering was performed on the 34 remaining predictor variables 

after variable selection (Figure 4.5). At the bottom of the dendrogram (area to the left in Figure 

5), the most similar variables are grouped into the same clusters, including spectral bands 

covering similar ranges of the spectrum and adjacent height and intensity percentiles. However, 

the correlation among these variables have already been greatly reduced compared to the full 

dendrogram containing all 200 variables. For example, the standard deviation and variance of 
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the intensity data are not simultaneously present in Figure 4.5 due to the prior application of 

the variable selection procedures. Similarly, only the mean reflectance of the leaf-on 

WorldView-2 NIR2 band remains after variable selection, while its counterparts for the red 

edge and NIR1 bands have been removed due to the high correlation between these channels. 

When the resulting dendrogram is examined in the context of the three functional groups, the 

first is represented by multi-seasonal spectral predictors, the second by ALS intensity-based 

metrics, and the third by height metrics (with a mixture of two spectral predictors from 

WorldView-2 imagery and one intensity-based metric). This indicates that spectral predictors 

and structural metrics (i.e., derived from ALS height and intensity data) carry distinctive 

information for modelling forest structural and compositional variables, even though our ALS 

instrument operates in the near-infrared region of the spectrum. This could be attributed to the 

nature of ALS height and intensity data as three-dimensional measurements of the forest. The 

intensity values associated with individual ALS returns can be considered indicators of the 

strength (or power return) of the backscattered energy (Wehr & Lohr, 1999), which is 

conceptually comparable to uncalibrated DN values from multispectral sensors. However, the 

spectral measurements obtained by multispectral sensors are primarily influenced by optical 

properties of the top of the canopy (Schlemmer et al., 2013; Meroni et al., 2004; Goward & 

Huemmrich, 1992). Even with multiple scattering between canopy layers considered, 

information contained in multispectral data cannot effectively characterize the vertical 

distribution of the forest canopy. On the contrary, ALS intensity data are collected at various 

heights within a forest as the laser pulse travels through the canopy, thus containing information 

more relevant to the vertical structure of the forest. For example, the variability of intensity 

values has been associated with overall canopy density, which facilitates the estimation of stem 

density for small diameter trees (Shang et al., 2017). Using an individual tree-based approach, 

Holmgren and Persson (2004) found the standard deviation of ALS intensity data of critical 
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importance to the differentiation between spruce and pine. At the plot scale, intensity percentile 

metrics also exhibited strong potential for estimating species mixes in plantation forests 

(Donoghue et al., 2007).  

Table 4.3 Predictor variables selected by the best subsets approach for each forest inventory 

variable.  

Variables Variable description BA Conifer 

RBA 

Stem 

Density 

D1 1st density metric (Woods et al., 2008) √ √  

D2 2nd density metric   √ 

D3 3rd density metric √   

D8 8th density metric √   

Elev.MAD.median Median of the absolute deviations from 

the overall median  

  √ 

Elev.P75 75th height percentile   √ 

Elev.P95 95th height percentile √   

Int.kurtosis Intensity kurtosis    √ 

Int.mean Intensity mean  √  

Int.P25 25th height percentile   √ 

Int.P80 80th height percentile √   

Int.P90 90th height percentile   √ 

Int.P99 99th height percentile   √ 

Int.stddev Intensity standard deviation   √ 

Percentage.all.returns. 

above.mean 

Percentage of all returns above the mean 

height 

  √ 

Percentage.first.returns.

above.2 

Proportion of first returns above 2 m √ √  

S2A_Aug_B3_cv Sentinel-2A Leaf on green cv   √ 

S2A_Aug_B7_mean Sentinel-2A Leaf on red edge 3 mean √ √  

S2A_Mar_B11_mean Sentinel-2A Leaf off SWIR 1 mean √ √  

S2A_Mar_B12_mean Sentinel-2A Leaf off SWIR 2 mean √ √  

S2A_Mar_B2_cv Sentinel-2A Leaf off blue cv √   

S2A_Mar_B7_mean Sentinel-2A Leaf off red edge 3 mean  √  

Wv_Jul_B2_mean WorldView-2 Leaf on blue mean   √ 

Wv_Jul_B3_mean WorldView-2 Leaf on green mean   √ 

Wv_Jul_B5_mean WorldView-2 Leaf on red mean   √ 

Wv_Jul_B6_cv WorldView-2 Leaf on red edge cv  √ √ 

Wv_Jul_B8_mean WorldView-2 Leaf on NIR2 mean √ √ √ 

Wv_Nov_B1_cv WorldView-2 Leaf off coastal cv   √ 

Wv_Nov_B1_mean WorldView-2 Leaf off coastal mean   √ 

Wv_Nov_B5_mean WorldView-2 Leaf off red mean √   

Wv_Nov_B6_mean WorldView-2 Leaf off red edge mean √ √  

Wv_Nov_B8_cv WorldView-2 Leaf off NIR2 cv  √ √ 

Lt5_Apr_B3_mean Landsat-5 TM leaf off red mean √   

Lt5_Apr_B4_mean Landsat-5 TM leaf off NIR mean √   
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Figure 4.5 Variable dendrogram obtained by performing variable clustering on 34 predictor 

variables based on best subsets selection. To reveal the structure of information contained in 

these variables, this dendrogram is partitioned to represent three variable clusters: multi-

seasonal spectral predictors (red), ALS intensity-based metrics (green), and height metrics 

(with a mixture of two spectral predictors from WorldView-2 imagery and one intensity-based 

metric) (blue). 

4.3.3 Predictive Performance of the Regression Models 

Compared to the RF models developed in the diagnostic analysis (Figure 4.3), the linear 

regression models exhibited consistent improvement in predictive accuracy. As can be seen 

from Table 4.4, the values of the three hybrid BA models all have R2 > 0.7, while the full RF 

model had a R2 = 0.62. Similarly, the R2 for the linear conifer RBA models all exceeded 0.8 

(i.e., ≥ 0.85 in three out of four cases); consistently higher than the accuracy of the full RF 

models (i.e., R2 = 0.8). The improvement in predictive accuracy can be attributed to the 

parsimonious structure of the linear models, which was made possible by the removal of 

redundant and confounding variables at the variable selection phase. In addition, the presence 

of strong linear predictors made significant contributions towards enhancing model 

performance (e.g., multi-seasonal spectral variables for BA and conifer RBA). In comparison, 

the linear models for stem density only slightly outperformed the corresponding RF models, 

which is likely a result of the lack of strong linear predictors. Since RF can take advantage of 



 

120 

 

a much larger group of predictor variables than linear regression models, it is anticipated that 

RF coupled with a variable selection strategy would result in a stronger predictive performance 

for stem density (a variable that has traditionally been difficult to model through regression of 

ALS metrics, e.g., Treitz et al. (2012). 

As noted earlier (Section 3.1), the combination of ALS and one optical sensor yielded 

promising predictive accuracies for BA. Therefore, variables representing these predictor 

groups were used to develop linear models for BA. As can be seen from Table 4.4, leaf-off 

spectral variables in the visible, red edge, and SWIR regions of the spectrum were the most 

frequently selected for modelling BA, which corroborates well with the variable importance 

scores (Figure 4.4). Notably, the red and NIR data derived from the leaf-off Landsat-5 TM 

image in conjunction with a gap fraction measure (i.e., Percentage of first returns above 2m) 

yielded a regression model with an R2 of 0.72, rRMSE of 14%, and bias of 0.008 m2/ha. In a 

recent study that examined the utility of Landsat 8 OLI (Operational Land Imager) imagery for 

modelling forest variables for a Mediterranean forest, a significant relationship was also 

observed between field measured BA and the visible and NIR bands of the OLI (Chrysafis et 

al., 2017). Among all the ALS metrics, this gap fraction metric has been consistently selected 

by all three hybrid BA models due to its moderate positive correlation with BA. The three 

hybrid BA models featured comparable predictive accuracy, with the one containing ALS and 

WorldView-2 data performing marginally better than the rest (Table 4.4). Compared to the 

hybrid models, the ALS-only model had relatively poor predictive accuracy, with a R2 and 

rRMSE of 0.40 and 0.20 respectively, even though its bias was as negligible as the hybrid 

models.   

Since spectral predictors derived from Sentinel-2A and WorldView-2 imagery exhibited 

strong predictive power for conifer RBA in diagnostic analyses, linear regression models were 

developed to examine whether the addition of ALS metrics could further improve the accuracy 
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of the spectral models. The spectral models based on multi-seasonal Sentinel-2A and 

WorldView-2 imagery achieved a R2 of 0.81 and 0.85 respectively for modelling conifer RBA, 

while the R2 increased to 0.88 and 0.90 respectively for the corresponding hybrid models 

(Table 4.4). For modelling species mixture, the mean reflectance in the SWIR and red edge 

range of the spectrum proved to be the most useful predictors derived from Sentinel-2A. In 

comparison, the red edge and NIR bands were the most influential predictors from WorldView-

2. It is worth noting that two out of four WorldView-2 predictors measure variability, rather 

than the average of reflectance at the plot level, giving rise to the strong utility of high spatial 

resolution imagery for modelling species abundance (Cho et al., 2012; Immitzer et al., 2012; 

Pu & Landry, 2012). In contrast, all the Sentinel-2A variables selected for modelling conifer 

RBA represent mean reflectance at the plot level, likely a result of the lack of useful 

information in the texture variables derived from imagery of relatively coarse spatial resolution 

(i.e. 10 ~ 20 m). Consequently, more ALS metrics (i.e., 3) were selected by the hybrid Sentinel-

2A model compared to the case with the WorldView-2 hybrid model, containing only one 

intensity-based metric. Interestingly, this metric (i.e., mean intensity) was also selected by the 

Sentinel-2A hybrid model. Considering its low correlation with the spectral predictors in both 

hybrid models (i.e., VIF < 3), mean intensity is deemed to carry critical information on species 

abundance (Heinzel & Koch, 2011; Korpela et al., 2010; Kim et al., 2009), complementary to 

the contribution of spectral predictors derived from multispectral imagery. Despite the superior 

spatial resolution of the WorldView-2 imagery, the two hybrid models featured comparable 

accuracy, making the multi-seasonal Sentinel-2A imagery a promising option for assisting 

ALS-based forest inventories, especially considering the relatively high acquisition cost of 

WorldView-2 imagery.  

When it comes to stem density modelling, hybrid models did not lead to significantly 

higher predictive accuracy than the ALS model (Table 4.4). Even though the combination of 
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ALS and Sentinel-2A data resulted in the best R2 and rRMSE values (0.67 and 0.24 

respectively), its bias (5.159 stems/ha) is not as low as the ALS-only model. Considering its 

comparable performance (i.e., R2 = 0.66, rRMSE = 0.25, bias = -0.393 stems/ha) and the lack 

of reliance on additional acquisition, the ALS-only model was deemed more appropriate in an 

operational setting. Owing to the significant predictive power of multi-seasonal WorldView-2 

imagery relative to the other two optical sensors (Figure 4.3), a linear model was developed 

using WorldView-2 predictors only, resulting in a moderate R2 of 0.59. Spectral predictors 

selected for this model included mean and CV of spectral bands ranging from the visible to 

NIR regions of the spectrum. The utility of the NIR bands of WorldView-2 imagery for 

modelling stem density has been reported by Ozdemir & Karnieli (2011). Earlier studies have 

also applied texture and shadow analysis to high spatial resolution imagery and obtained 

moderate accuracy for estimating stem density (Kayitakire et al., 2006; Couteron et al., 2005; 

Lévesque & King, 2003). The ALS model for stem density utilized height and density metrics 

as well as two intensity-based metrics, corroborating the high variable importance associated 

with these types of ALS metrics for modelling stem density (Figure 4.4).  
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Table 4.4 Multiple linear regression models for BA, conifer RBA, and stem density. The R2, 

rRMSE, and bias of the most accurate model for each response variable were highlighted in 

bold. The units for bias are m2/ha, percentage, and stems/ha for BA, conifer RBA, and stem 

density respectively.  

Attribute Predictor 

group 

Selected variables R2 rRMSE Bias 

BA ALS Elev.P95, Int.P80, D3, D8 0.40 0.20 0.013 

ALS + 

Sentinel-2A 

S2A_Aug_B7_mean, 

Percentage.first.returns.above.2, 

S2A_Mar_B11_mean, 

S2A_Mar_B12_mean, S2A_Mar_B2_cv 

0.71 0.14 -0.012 

ALS + 

WorldView-2 

Wv_Jul_B8_mean, Wv_Nov_B5_mean, 

Wv_Nov_B6_mean, 

Percentage.first.returns.above.2, D1 

0.73 0.13 0.002 

ALS + 

Landsat-5 TM 

Percentage.first.returns.above.2, 

Lt5_Apr_B3_mean, Lt5_Apr_B4_mean 

0.72 0.14 0.008 

Conifer 

RBA 

Sentinel-2A S2A_Aug_B7_mean, S2A_Mar_B11_mean, 

S2A_Mar_B12_mean,  S2A_Mar_B7_mean 

0.81 0.33 -0.006 

WorldView-2 Wv_Jul_B6_cv, Wv_Jul_B8_mean, 

Wv_Nov_B6_mean, Wv_Nov_B8_cv 

0.85 0.30 -0.005 

ALS + 

Sentinel-2A 

Int.mean, Percentage.first.returns.above.2, 

D1, S2A_Aug_B7_mean, 

S2A_Mar_B11_mean, S2A_Mar_B12_mean 

0.88 0.27 -0.008 

ALS + 

WorldView-2 

Int.mean, Wv_Jul_B6_cv, 

Wv_Jul_B8_mean, Wv_Nov_B6_mean, 

Wv_Nov_B8_cv 

0.90 0.25 -0.003 

Stem 

density 

WorldView-2 Wv_Jul_B3_mean, Wv_Jul_B5_mean, 

Wv_Jul_B8_mean, Wv_Nov_B1_cv, 

Wv_Nov_B8_cv, Wv_Jul_B6_cv 

0.59 0.27 0.547 

ALS Elev.mean, Int.kurtosis, Int.P75, D2 0.66 0.25 -0.393 

ALS + 

Sentinel-2A 

Elev.MAD.median, Int.P25, Int.kurtosis, 

Percentage.all.returns.above.mean, 

S2A_Aug_B3_cv 

0.67 0.24 5.159 

ALS + 

WorldView-2 

Wv_Jul_B2_mean, Wv_Jul_B6_cv, 

Wv_Nov_B1_mean, Elev.P75, Int.kurtosis, 

Int.P99 

0.65 0.25 2.226 

4.4 Conclusion 

This study assessed the potential of multi-seasonal multispectral imagery for assisting 

ALS-based forest inventory in an uneven-aged tolerant hardwood forest in Ontario, Canada. 
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During the first phase of the two-step modelling approach developed for this study, the most 

promising data sources for FRI modelling were identified using RF. For BA, species mixture, 

and stem density, multi-seasonal images were generally more useful than single-date images. 

ALS data alone exhibited strong predictive power for stem density, but it did not lead to 

accurate models for basal area and species mixture. When multi-seasonal imagery were used 

in conjunction with ALS data, model accuracy was significantly improved for BA and species 

mixture, while the accuracy of the stem density model was only marginally improved. Among 

the three sensors selected for comparison, WorldView-2 only outperformed Sentinel-2A by a 

small margin, despite its high spatial resolution (and higher acquisition cost). Landsat-5 TM, 

on the other hand, exhibited the lowest utility for modelling forest inventory variables, as a 

result of its coarser spatial and spectral resolution, including the lack of a red-edge feature. 

During the second phase of the two-step modelling framework, predictor variables were 

systematically selected, using two complementary variable selection procedures, to develop 

the final models. The application of the hierarchical variable clustering algorithm contributed 

to a more holistic understanding of the information structure within the remotely-sensed 

predictor variables: multispectral imagery, ALS height and intensity data each contain 

distinctive information regarding forest structure and composition. Despite the similar 

wavelengths, the correlation between ALS mean intensity and average NIR reflectance at the 

plot level is relatively low, giving rise to the rationale for utilizing ALS intensity data in 

conjunction with optical imagery for modelling FRI variables. Due to the low redundancy 

among the selected predictor variables and their high relevancy to the FRI attributes, the linear 

regression models derived from best subsets regression outperformed the RF models in terms 

of both predictive accuracy and interpretability. Overall, the results of this study suggest that 

freely-available multi-seasonal Sentinel-2A imagery holds great potential for enhancing ALS-
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based forest inventories, especially after the application of an effective variable selection 

strategy. 
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Chapter 5 

Synthesis and Future Directions 

The increasing demand for sustainable forest management calls for a more advanced FRI 

system to monitor the distribution, quantity, function, and status of forest resources (Wulder & 

Franklin, 2012; Van Leeuwen & Nieuwenhuis, 2010; Wulder et al., 2008). Considering the 

vast forest cover in Canada, ground-based surveys cannot provide spatially-explicit and 

accurate estimates of forest attributes over large areas. Visual interpretation of air-photos 

alleviates this situation to some extent, yet these interpretations lack accuracy, consistency, and 

detailed information necessary to guide operational forest management (Mirck & Mabee, 2013). 

Due to its unique ability to simultaneously sample the horizontal and vertical distribution of a 

forest, airborne laser scanning (ALS) remote sensing is becoming the backbone of modern FRI 

systems (White et al., 2016; Asner et al., 2012). Given this context, the overall objective of this 

dissertation was to model FRI variables using multi-source remote sensing data. The research 

presented in this thesis contributes to the existing body of knowledge by investigating how the 

potential of ALS can be enhanced by leveraging its capabilities with ancillary sources of 

remotely-sensed data. To facilitate model calibration and validation, field campaigns were 

undertaken at Haliburton Forest, an uneven-aged tolerant hardwood forest in the Great Lakes–

St. Lawrence Forest Region, Ontario, Canada. Forest inventory and biophysical variables were 

derived from field data and modeled with multi-source remote sensing data using statistical 

models (Chapters 2-4). Specifically, Chapter 2 focuses on assessing the potential of ALS 

intensity metrics for enhancing conventional models of stem diameter distribution based on 

height metrics. Chapter 3 compares the utility of digital aerial photogrammetry (DAP) and ALS 

data for estimating LAI. Finally, Chapter 4 examines the capability of multi-seasonal 

multispectral imagery for assisting ALS-based estimation of BA, species mixture, and stem 

density. 
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5.1 Research Objective 1: To determine the utility of ALS height- and intensity-

based metrics and their synergy for modelling stem diameter distributions for 

management size classes. 

Compared to height metrics derived from ALS data, intensity metrics alone did not lead 

to more accurate models of stem diameter distribution. However, the combination of these two 

types of metrics resulted in enhanced predictive accuracy when suitable modelling techniques 

were applied. Among the various intensity metrics examined, those characterizing the 

variability of the intensity data exhibited strong correspondence with the number of trees in the 

small diameter classes. Holmgren and Persson (2004) found that standard deviation of intensity 

values above the crown base height derived from high-density ALS data exhibited strong 

potential for differentiating spruce from pine at the individual tree level. In addition, the mean 

intensity for spruce was generally higher than pine, due to its higher canopy density. Compared 

to pine, the higher variability of intensity for spruce was attributed to the high contrast between 

the dense canopy and gaps within crowns. However, these explanations were merely 

conjectures based on empirical evidence demonstrated by the statistical model (Holmgren & 

Persson, 2004). Within an ABA framework, it is even more challenging to pinpoint the specific 

physical processes driving the interaction between forest structure and the distribution of pulse 

energy over a 0.25ha plot (Spriggs et al., 2015). However, given the strong contribution of 

intensity-based metrics characterizing the variability of intensity for modelling diameter 

distribution, especially for the small diameter classes, we speculate that these metrics (e.g., 

Int.L2, Int.AAD, and Int.variance) are likely to capture the permeability or layering of the 

canopy in a holistic fashion at the plot level. 

Due to the competition for light and nutrients, plots with a large number of small stems 

typically do not have many large trees, thereby resembling an early stand development stage 

with simple structure (i.e., one layer of canopy). Accordingly, the canopy density is relatively 
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low and uniform through the entire vertical canopy profile due to the lack of occlusion effects 

from large/dense crowns associated with mature trees, resulting in high canopy permeability. 

Such canopy structure is characterized by the low variability of intensity values, owing to the 

small proportion of pulse energy lost to interception from the very limited number of mature 

trees in the plot. Alternatively, these intensity-based metrics may have contributed to the 

explanation of co-variation between diameter distribution and species composition, as ALS 

intensity data have exhibited strong utility for species classification (Budei et al., 2017; 

Donoghue et al., 2007; Holmgren & Persson, 2004). To evaluate the validity of this hypothesis, 

spectral predictors derived from passive optical imagery could be used in conjunction with 

ALS to model diameter distribution: if a notable improvement can be observed due to the 

addition of spectral predictors, the utility of intensity-based metrics for modelling diameter 

distribution may be attributed to its ability to characterize species composition. Since a data-

driven variable selection strategy (i.e., VSURF) was used to select metrics important for each 

diameter class, the selection outcomes among different diameter classes lacks consistency, 

even though the selected variables may convey similar forest structural information (e.g., 

canopy permeability). Therefore, a variable clustering approach adopted in Chapter 3 and 4 

may contribute to a more comprehensive interpretation of metrics important for diameter 

distribution models. 

Compared to the k-NN imputation approach, the size class-specific stem density 

estimation approach based on RF proved to be more accurate for modelling diameter 

distribution for most diameter classes. In addition, the performance of k-NN models was 

largely contingent upon the choice of parameter k, the number of selected nearest neighbors in 

the feature space to perform the aggregation. In contrast, the size class-specific stem density 

estimation approach proposed in this chapter requires minimal parameter tuning, contributing 

to its robustness and ease of use for operational forest management. The variable importance 
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scores derived from RF also make it possible to identify the size classes where strong predictor 

variables have yet to be developed. For example, the number of ALS metrics selected by the 

variable selection algorithm for the larger size classes were generally smaller (and of lower 

predictive accuracy) than those selected for smaller size classes. Considering the lower 

accuracy of the larger size classes compared to the smaller size classes, this indicates a lack of 

strong ALS metrics for large diameter classes.  

The discrepancy in accuracy between different size classes reveals a drawback of applying 

ABA for modelling diameter distribution over large diameter classes. ALS metrics derived in 

the context of ABA are, in essence, summary statistics of the point cloud intersecting the entire 

field plot; therefore, these metrics characterize all trees simultaneously regardless of their size. 

Consequently, they are inherently less sensitive to the low frequency size classes within the 

population (i.e., large-diameter trees). Given the relatively small number of large-diameter 

trees in the study area and the large plot size (i.e., 0.25 ha), the low predictive accuracy for 

large size classes may, in part, be attributed to the spatial aggregation effect associated with 

ABA. To alleviate this problem, sub-plot level metrics that characterize within-plot 

heterogeneity or metrics more sensitive to large diameter classes can be employed. For example, 

a separate set of ALS metrics can be derived using first returns and single returns due to their 

inherent capacity for characterizing dominant and co-dominant canopy layers. Alternatively, a 

hybrid model could be built to leverage an individual-tree-based method for estimating the 

number of relatively large trees in a plot and combine the results with estimates made with 

ABA for smaller size classes (Xu et al., 2014). In addition to its flexibility for fine-tuning the 

accuracy of particular size classes, the size class-specific stem density estimation approach also 

provides a new perspective on diameter distribution models. If the variable of interest is the 

number of stems within a particular size class, a standalone stem density model can be 

developed with a known confidence interval without having to calibrate a full diameter 
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distribution model (e.g., parametric model), thus improving the efficiency of the processing 

chain and reducing its dependence on field data. For example, the method described here could 

be used to locate stands with a large number of small-diameter trees to serve as feedstock for 

bioenergy. 

Due to the nature of RF as an ensemble model, the final diameter distribution model is 

difficult to interpret. Furthermore, it requires a larger number of ALS metrics as input to reach 

optimal accuracy compared to parametric models (discussed in Chapter 4). Considering that 

parametric regression models developed in Chapter 3 and 4 exhibit consistent improvement in 

accuracy compared to RF models, it is likely that the performance and interpretability of the 

diameter distribution models can also be enhanced by substituting the RF model with 

regression models for each size class. Given the parsimonious structure of regression models, 

this would also improve the computational efficiency when it comes to generating wall-to-wall 

maps of diameter distribution. As more rigorous modelling techniques and ALS metrics are 

developed for modelling stem density, the flexibility of the size class-specific stem density 

estimation framework allows it to be easily modified to take advantage of these advancements, 

improving the accuracy of diameter distribution models even further. Since the predictive 

models demonstrated here have only been tested on an uneven-aged tolerant hardwood forest 

in the GLSL region, its applicability over other forest environments warrants further 

assessment. In addition, the intensity metrics examined in this study were derived from the raw 

ALS intensity data. The impact of intensity normalization on model results remains to be 

examined and is worth more in-depth investigation, especially for large-scale operational FRI 

surveys where multiple sensors with large scan angles are utilized. 
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5.2 Research Objective 2: To evaluate the potential of DAP and ALS point cloud 

data and CHMs for modelling LAI.  

For both echo- and CHM-based metrics, the functional groups derived from DAP data 

were generally similar to those derived from ALS data. Compared to CHM-based metrics, 

which primarily consisted of an overstory and an understory cluster, the structure of 

information contained in echo-based ALS and DAP metrics was more complex. The echo-

based ALS metrics were grouped into five distinct variable clusters. Each represented a unique 

aspect of information contained in the point cloud, and some had more direct relationships with 

forest structure than others: e.g., gap fraction, overstory height, overstory intensity, canopy 

permeability, and distributional shape. Similar groups were found in the echo-based DAP 

metrics, yet with some notable differences: i.e., gap fraction, overstory height, height 

variability, and distributional shape. Since DAP is derived from passive optical imagery (i.e., 

ADS40), its “returns” are unable to penetrate through the canopy in the same manner as ALS 

pulses. Therefore, echo-based DAP metrics lack the capability of characterizing canopy 

permeability. For the same reason, a DAP point cloud does not contain backscattered intensity 

information, which often may contain critical discriminative power for species classification 

(Budei et al., 2017). Arguably, the multispectral ADS40 imagery, the precursor to the DAP 

data, conveys spectral information. However, as discovered in Chapter 4, the similarity 

between ALS intensity data and reflectance data derived from multispectral sensors is 

relatively low, implying that ALS intensity has the capacity to characterize a unique aspect of 

forest structure compared to multispectral imagery. 

Model results from RF and linear regression demonstrated that DAP was less successful 

at predicting LAI than ALS, a result attributed to the less accurate gap fraction information 

conveyed by the DAP data. In addition, echo-based ALS metrics proved to be superior for 

characterizing LAI compared to CHM-based ALS metrics, since CHM-based metrics primarily 
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characterize the overstory component as opposed to the entire vertical canopy profile. Owing 

to the scarcity of penetrating echoes in the DAP data, no notable difference was found between 

the accuracy of the echo- and CHM-based DAP models. Given the presence of strong linear 

predictors of LAI (e.g., D1), linear regression was more accurate for modelling LAI than RF, 

regardless of the type of metrics used (i.e., echo- or CHM-based). However, a strong 

resemblance was found between the predictor variables selected by these two distinct 

modelling techniques, which served as surrogates for gap fraction. Despite the fact that DAP 

did not exhibit comparable utility to ALS for modelling LAI, the variable dendrograms 

developed in this study revealed the hierarchical information contained in these two types of 

three-dimensional data. A comparison of variable clusters between the two dendrograms could 

help unveil similarities and differences between ALS and DAP. As discussed above, DAP lacks 

the ability to effectively characterize gap fraction, canopy permeability and volumetric 

scattering information (i.e., intensity), which may provide a unique venue for species 

classification. However, it is anticipated that the similar functional groups (i.e., variable 

clusters) between DAP and ALS would shed light on the tasks for which DAP is suitable. For 

example, the variable clusters characterizing overstory height in ALS and DAP respectively 

had a Pearson correlation coefficient of 0.90 (measured based on the first principal component 

of metrics allocated to these two clusters). This demonstrates that ALS and DAP share the 

capacity, to a large extent, for characterizing stand height, which corroborates the findings in 

previous studies where predictive models based on DAP exhibited similar accuracy as ALS for 

modelling forest height attributes (Tompalski et al., 2018; White et al., 2016; Vastaranta et al., 

2013). In contrast, the Pearson correlation coefficient for the ALS and DAP variable clusters 

associated with gap fraction was only 0.56, which explains the poor performance of DAP 

models of LAI. Among the various groups of metrics derived from ALS and DAP, the one 

associated with the shape of the distribution of the height data also exhibited relatively strong 
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correlation between ALS and DAP (Pearson correlation coefficient = 0.68). Therefore, DAP 

could potentially serve the purpose of updating ALS-based estimates of forest attributes that 

rely on this particular type of metric, such as volume, forest successional stages, and species 

mix (Penner et al., 2013; van Ewijk et al., 2011; Ke et al., 2010). 

5.3 Research Objective 3: To examine the potential of multispectral imagery for 

enhancing ALS-based estimation of BA, species mixture, and stem density. 

Instead of relying on RF to generate the final predictive models, it was utilized as a 

diagnostic tool to identify the most promising data sources for modelling forest inventory and 

compositional variables and subsequently as part of the variable selection strategy. The 

diagnostic analyses demonstrated that multi-seasonal imagery generated more accurate models 

of BA, species mixture, and stem density than single-date imagery. ALS metrics alone 

produced an accurate model for stem density (R2 = 0.59), while the accuracies of the multi-

seasonal optical models were much lower (i.e., R2 ranged between 0.11 and 0.45 depending on 

the sensor). Nevertheless, the ALS-only models for BA and species mixture had relatively low 

accuracies (R2 = 0.30 ~ 0.34). When multi-seasonal imagery was used in conjunction with ALS 

data, model accuracy was significantly improved for BA and species mixture, while the 

accuracy of the stem density model was only marginally improved. Among the three optical 

sensors examined in this study, WorldView-2 only outperformed Sentinel-2A by a small 

margin, despite its high spatial resolution (and higher acquisition cost). Owing to its coarser 

spatial and spectral resolution, Landsat-5 TM exhibited the lowest overall utility for modelling 

forest inventory and compositional variables.  

It is worth noting that despite the superior spatial resolution of WorldView-2, multi-

seasonal WorldView-2 imagery did not perform as well as Landsat-5 TM or Sentinel-2A for 

modelling BA. This is likely a result of the lack of a SWIR band onboard WorldView-2. The 
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reflectance of the Landsat SWIR band has been found to correlate strongly to partial harvest 

for a coniferous forest in northwestern USA (Healey et al. 2006). The correlation between 

SWIR reflectance and BA could be attributed to the occlusion effect associated with higher 

levels of biomass/BA in a forest. As background vegetation is not directly visible to the sensor, 

the influence of occlusion dominates over increases in SWIR reflectance due to leaf scattering 

(Puhr & Donoghue, 2000). In addition, reflectance of the SWIR band has been identified as a 

strong indicator of leaf moisture content in the forest canopy (Chrysafis et al., 2017). Therefore, 

the improved predictive accuracy for BA achieved by the multi-seasonal Landsat-5 TM and 

Sentinel-2A imagery may in part be attributed to the characterization of moisture content at the 

plot level, which is not captured by ALS. Given that the red edge or near infrared bands have 

been consistently selected for modelling BA across the three optical sensors, the stronger 

predictive power of the hybrid BA model may also have benefited from the covariation between 

BA and species composition. In contrast, the most important ALS metric for modelling BA 

was canopy cover, with higher canopy cover and overstory density corresponding to higher BA 

(Penner et al., 2013; Gobakken & Næsset, 2004).  

To develop more accurate and interpretable models, predictor variables derived from ALS 

and optical sensors were judiciously selected, using two complementary variable selection 

techniques. In addition to its role of reducing redundancy among the initial set of predictor 

variables, the hierarchical variable clustering algorithm also contributed to a more holistic 

understanding of the information structure within the remotely-sensed predictors. The variable 

dendrograms revealed that multispectral imagery, ALS height and intensity data each contained 

distinctive information regarding forest structure and composition. Despite the similar 

wavelengths between ALS intensity and the NIR bands of multispectral imagery, various 

spectral predictors derived from the optical sensors and ALS intensity metrics were allocated 

to distinct variable clusters, implying low correlation between active and passive NIR data. As 
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a matter of fact, the mean intensity was consistently selected by the best subsets approach 

together with spectral predictors derived from Sentinel-2A and WorldView-2 imagery for 

modelling species mixture. This demonstrates that ALS intensity data and multispectral 

imagery convey complementary information for characterizing FRI variables, especially for 

species differentiation. This discovery sheds light on the rationale for utilizing ALS intensity 

data in conjunction with optical imagery for modelling FRI variables. Due to the low 

redundancy among the remaining predictor variables after variable selection and their high 

relevancy to the FRI attributes, the linear regression models derived from best subsets 

regression outperformed the RF models, yet with more interpretable structures (i.e., containing 

only four to six predictor variables). Compared to the RF models, these regression models are 

more suitable for generating wall-to-wall maps of FRI variables, in terms of both predictive 

accuracy and computational efficiency. 

Overall, the findings in this study demonstrate that freely-available multi-seasonal 

Sentinel-2A imagery holds great promise for enhancing ALS-based forest inventories. Despite 

the relatively low predictive power exhibited by Landsat in this study, the historical legacy of 

the Landsat program offers the most comprehensive archive of the earth system with an 

unparalleled record of four decades (Wulder et al., 2016). Recent studies have shown that time 

series of Landsat imagery can be used to develop FRI models with reasonable accuracy in a 

variety of forest environments (Bolton et al., 2018; Matasci et al., 2018; Chrysafis et al., 2017). 

Therefore, the synergy between ALS and optical imagery may be improved even further with 

denser stacks of multispectral imagery, thus leading to more effective FRI monitoring systems. 

5.4 General Discussion 

Since the inception of ALS for forestry applications, ALS has evolved into a relatively 

mature technology and proven to be a valuable tool for forest monitoring and management 

(White et al., 2016; Holopainen et al., 2014). During this time frame, numerous efforts have 
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been placed on the exploitation of useful information from ALS data for modelling forest 

inventory, biophysical and ecological variables (van Ewijk et al., 2011; Goetz et al., 2007). 

Early studies focused primarily on boreal forest ecosystems with relatively simple stand 

structure and species composition (Morsdorf et al., 2004; Lim et al., 2003). As a result, 

traditional height-based metrics, e.g, percentiles and descriptive statistics of the height 

distribution and density metrics (Woods et al., 2008), exhibited strong predictive power for a 

plethora of forest inventory variables, including different variations of stand height, mean DBH, 

BA, and volume (Treitz et al., 2012; Woods et al., 2011; Hyyppä et al., 2008; Næsset, 2002). 

In the meantime, regression was the most popular statistical technique for establishing 

relationships between ALS metrics and forest inventory variables (Hudak et al., 2006; Lim et 

al., 2003; Lefsky et al., 1999). Even though ALS height-based metrics demonstrated stronger 

utility than passive optical data, a single regression may not achieve sufficient accuracy for a 

forest with multiple stand types (Penner et al., 2013; Woods et al., 2011). Under such 

circumstance, multiple regression models may be required to capture the varying relationships 

between ALS metrics and forest attributes for different forest strata. In addition, due to the lack 

of strong linear relationships between height-based metrics and certain forest inventory 

variables, (e.g., stem density and diameter distribution), these variables have traditionally been 

difficult to model through regression of ALS metrics (Treitz et al., 2012; Woods et al., 2011). 

To tackle this problem, numerous efforts were directed towards evaluating the utility of 

non-parametric techniques (e.g., RF) for modelling forest inventory variables. Due to its ease 

of use and competitive accuracy without the need for stratification based on forest types 

(Penner et al., 2013), RF has become one of the most popular techniques in the context of FRI 

modelling. Since RF dos not operate based on any assumptions of data distribution, it can be 

used to process a large number of ALS metrics without specifically screening for collinearity 

(Breiman, 2001). This characteristic makes RF particularly suitable for modelling forest 
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inventory variables where the combination of a number of relatively weak predictor variables 

needs to be leveraged to develop an accurate model. In contrast, regression models generally 

lack the capacity for utilizing a relatively large number of predictor variables (e.g., p > 7). For 

example, the full RF model for stem density achieved comparable accuracy as the linear 

regression model in Chapter 4, even without the application of variable selection. However, 

due to the presence of strong linear predictors, the regression models for species mixture and 

BA outperformed the full RF models by a clear margin. The LAI models presented in Chapter 

3 also demonstrate that linear regression can provide stronger predictive power than RF when 

strong predictor variables (i.e., surrogates for gap fraction) are available. Furthermore, as 

illustrated in Chapter 4, the variable importance scores derived from RF may be misleading 

when redundancy (i.e., collinearity) among predictor variables is not removed.  

The discrepancy in performance between regression and RF calls for a more judicious 

assessment of RF. Therefore, the learning curves of linear regression and RF models for species 

mixture were inspected to determine their advantage and disadvantages. As can be seen from 

Figure 5.1, a relatively simple regression model did not suffer from high variance (i.e., 

overfitting), and a competitive R2 can be achieved with approximately 50 training samples. In 

contrast, the RF model using all the ALS metrics and Sentinel-2A predictors as input clearly 

suffered from overfitting (Figure 5.2): the training and validation curves did not converge under 

100 training samples. Furthermore, the validation accuracy was lower compared to that of the 

regression model (Figure 5.1). To determine if overfitting was a result of the overwhelming 

number of predictor variables, an additional RF model was developed with a subset of 

predictors selected using the best subsets approach (Figure 5.3). However, similar results were 

obtained: the second RF model, albeit with a considerably more parsimonious structure, also 

suffered from overfitting. The validation accuracy achieved with 100 training samples was 

slightly lower than that of the previous RF model, due to the loss of supplemental information 
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conveyed by the variables discarded in the variable selection process. These results corroborate 

the findings of Chapter 3 and 4: the predictive power of RF is likely to be suboptimal compared 

to regressions when strong predictors are available, with or without a variable selection 

procedure. Even though the accuracy of RF may be enhanced with a larger number of training 

samples, a common remedy for overfitting, the acquisition of a large number of field data can 

be cost prohibitive, especially for large-scale mapping endeavors. Therefore, caution should be 

exercised when modelling techniques are selected for estimating forest inventory, biophysical 

and ecological variables. Despite its ease of use and informative variable importance feature, 

RF should not be considered superior compared to regression techniques. 

 

Figure 5.1 Learning curve of a linear regression model for species mixture (i.e., conifer RBA) 

using the following as input: S2A_Aug_B7_mean, S2A_Mar_B11_mean, S2A_Mar_B12_mean, 

S2A_Mar_B7_mean. More details on these variables can be found in Table 4.3. 
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Figure 5.2 Learning curve of a RF model for species mixture (i.e., conifer RBA) using all the 

ALS metrics and spectral predictors derived from Sentinel-2A imagery as input (144 variables 

in total). 

 

Figure 5.3 Learning curve of a RF model for species mixture (i.e., conifer RBA) using a best 

subset of ALS metrics and spectral predictors derived from Sentinel-2A imagery as input: 

Elev.MAD.mode, Int.mean, Percentage.first.returns.above.2, D1, D7, S2A_Aug_B7_mean, 

S2A_Mar_B11_mean, S2A_Mar_B12_mean, S2A_Mar_B7_mean. More details on these 

variables can be found in Table 4.3. 

In addition to modelling techniques, the research presented in this thesis has also led to 

the production of scalable inventory maps with wall-to-wall coverage (Figure 5.4). As an 

uneven-aged tolerant hardwood forest, the majority of forest stands in HF are dominated by 
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deciduous species; however, some stands are highly variable in terms of species composition, 

potentially complicating the decision-making process for wood procurement. An accurate and 

detailed map of species distribution could help forest managers estimate the type of forest 

products available from different forest stands. Given that HF has been managed using a partial 

harvest silviculture system for the past 40 years, the spatial distribution of BA and stem density 

is highly variable throughout the entire landscape. Spatially-explicit models developed in this 

thesis (e.g., Figure 5.4) could empower forest managers to make more informed decisions on 

forest management, including silvicultural treatments, harvesting, and wood processing. 

Compared to the existing provincial FRI data obtained through air photo interpretation, the 

output of ALS-based inventory models with a cell size of 50 m × 50 m can be aggregated to a 

range of scales to fulfill forest strategic and operational planning. 

The predictive models derived from rigorous statistical models are characterized with 

well-measured accuracies, while the estimates based on air photo interpretation may be 

inconsistent and subject to human error. In addition, due to the nature of air photo interpretation 

(i.e., with an emphasis on the horizontal distribution of forest canopy), forest structural 

variables commonly used for forest management (e.g., basal area, stem density and volume) 

are not available from the existing FRI data. A comparison between the predictive surfaces and 

FRI polygons reveals an inherent challenge of using stand-based estimates for operational 

forest management (Figure 5.5). Even though the FRI polygons delineated by photo 

interpreters had moderate correspondence with modeled BA, species mixture, and stem density, 

variability within these polygons is evident for all three forest inventory variables, implying 

that the FRI polygons do not truly represent homogenous forest stands. More specifically, the 

level of homogeneity of the FRI polygons vary from one forest inventory variable to another. 

For example, the highlighted polygon in Figure 5.5 is highly heterogeneous with respect to 

species mix (i.e., coefficient of variation (CV) = 0.95), but the spatial variation of BA and stem 
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density is considerably less in this polygon (i.e., CVs = 0.23 and 0.24 respectively). 

Alternatively, a relatively pure deciduous stand may be highly variable with respect to stem 

density and BA. Therefore, forest management based on coarse, stand-level FRI data may 

prohibit accurate estimation of operational costs and recovered volumes. In contrast, accurate 

and spatially-explicit models of forest inventory variables derived from multi-source remotely-

sensed data can help forest managers identify the magnitude as well as spatial variability of 

forest resources, thus contributing to more informed decisions on silvicultural treatments, 

harvesting, and wood processing.  
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 (a) 

 (b) 

(c) 

Figure 5.4 Predictive surface for the Haliburton Forest: (a), BA, (b) species mixture, (c) stem 

density. 
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 (a) 

 (b) 

 (c) 

Figure 5.5 Predictive surface for a subset of the Haliburton Forest: (a), BA, (b) species mixture, 

(c) stem density, overlaid with 2007 Ontario FRI polygons. One polygon is highlighted in red 

to illustrate the varying level of homogeneity across forest attributes. 
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5.5 Conclusion 

Considering the vast forest cover in Canada, accurate and cost-effective mapping of the 

forest resource is a crucial step towards more comprehensive understanding of forest structure, 

composition and function, and ultimately more sustainable forest management. Even though 

ALS remote sensing has reached operational accuracy for a range of forest inventory variables 

in a variety of forest ecosystems (White et al., 2016; Zolkos et al., 2013; Woods et al., 2011), 

results presented in this thesis research have demonstrate that conventional ALS models of FRI 

variables can be further enhanced with additional sources of remotely-sensed data, such as ALS 

intensity and multispectral imagery. Even though DAP did not provide accurate estimates of 

LAI that were analogous to those obtained with ALS data, a systematic comparison between 

ALS and DAP identifies potential areas where DAP could make stronger contributions towards 

FRI modelling. In addition, the methods presented in this thesis provide a guide to variable 

selection in the context of forest modelling, which could improve our interpretation of the 

information structure within remotely-sensed data and our ability to develop more accurate and 

parsimonious models. 
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Appendix A 

Field plot locations for Haliburton Forest 

PlotID X_centre Y_centre 

HV2_139B 683404.1 5011810.7 
HV2_139A 683160.7 5011762.7 
HV2_152A 689849.5 5012049.7 
HV2_152B 689753.5 5012199.1 
HV2_110B 696903.6 5021953.1 
HV2_122A 684994.5 5013505.0 

HV2_120B 685198.8 5013604.4 
HV2_110A 697002.8 5021804.7 
HV2_103A 697964.1 5020491.2 
HV2_103B 697754.4 5020550.3 
HV2_118A 687897.7 5017145.8 
HV2_118B 688070.0 5017242.4 
HV2_106A 688603.3 5017542.6 
HV2_106B 688757.4 5017288.9 
HV2_105A 692495.8 5025148.2 
HV2_105B 692507.8 5024841.5 
HV2_137B 697001.1 5016204.6 

HV2_137A 697107.3 5016261.9 
HV2_148A 683102.9 5012796.5 
HV2_148B 682950.3 5012957.4 
HV2_146B 689309.9 5019303.1 
HV2_146A 689508.4 5019807.8 
HV2_144A 690956.2 5020101.8 
HV2_144B 690755.2 5019996.4 

HV2_123A 684597.7 5012469.0 
HV2_123B 684503.4 5012603.0 
HV2_111B 688308.9 5017060.8 
HV2_126B 689102.5 5017847.4 

HV2_126A 689256.4 5017956.0 
HV2_141A 691051.2 5021450.0 
HV2_141B 691092.2 5021601.0 
HV2_155A 691104.4 5022005.0 
HV2_155B 691204.0 5022170.3 
HV2_125B 698096.5 5021344.7 
HV2_125A 698312.6 5021296.3 
HV2_153A 698655.7 5020648.9 
HV2_153B 698855.1 5020599.1 
HV2_145A 680136.2 5015190.9 
HV2_145B 680376.1 5015454.5 

HV2_143A 691003.7 5020709.7 
HV2_143B 691235.9 5020623.4 
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PlotID X_centre Y_centre 
HV2_151B 681186.5 5010752.0 
HV2_151A 681039.3 5010554.7 
HV2_134B 690854.4 5022645.9 
HV2_134A 690644.8 5022593.5 
HV_30B 686000.4 5012751.0 
HV_60B 685500.4 5014748.2 
HV_27B 685251.1 5015305.1 
HV_25B 684200.3 5012000.6 
HV_61B 683748.4 5014996.6 
HV_10B 683046.7 5013202.2 

HV_11B 685001.9 5012402.4 
HV_12B 699749.3 5021055.3 
HV_37B 698944.3 5020651.5 
HV_14A 693999.3 5022745.8 
HV_21A 694499.1 5022897.8 
HV_52B 694255.0 5023064.2 
HV_16B 685791.5 5017000.5 
HV_08B 685648.0 5016901.4 
HV_26B 689750.0 5016962.7 
HV_24B 700349.5 5021450.2 
HV_18B 699844.2 5014001.5 

HV_28B 693031.8 5016102.0 
HV_78A 682932.2 5015640.4 
HV_20B 687650.1 5018650.8 
HV_29B 687401.2 5013298.2 
HV_22B 692952.4 5015404.8 
HV_22A 692800.7 5015399.7 
HV_39B 693802.7 5017101.5 
HV_56B 699496.3 5020604.4 
HV_39A 693850.7 5017282.9 
HV_56A 699451.8 5021200.5 
HV_34B 696600.6 5023349.7 

HV_34A 696802.3 5023552.4 
HV_63A 696200.0 5023499.2 
HV_63B 696047.2 5023405.4 
HV_64B 696848.9 5024249.7 
HV_64A 697047.2 5024596.7 
HV_38A 696347.4 5025048.7 
HV_55B 696355.3 5024501.0 
HV_55A 696547.1 5024647.4 
HV_33A 691550.8 5015198.5 
HV_33B 691448.8 5014852.1 

HV_15A 698347.7 5024351.1 
HV_15B 697999.7 5024109.1 
HV_58B 697749.8 5023099.5 
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PlotID X_centre Y_centre 
HV_58A 697749.8 5023350.8 
HV_36A 691948.9 5024352.6 
HV_65A 695700.5 5022848.0 
HV_59A 698508.4 5026094.9 
HV_49A 698299.6 5022552.4 
HV_47B 696656.1 5018902.7 
HV_43A 688297.0 5015616.2 
HV_43B 688945.5 5014941.5 
HV_51B 691600.2 5017353.1 
HV_51A 691450.3 5017445.9 

HV_42A 694450.1 5020402.1 
HV_50A 691549.8 5018801.3 
HV_04A 698118.7 5015709.9 
HV_48A 686304.2 5017051.0 
HV_48B 686254.3 5016852.5 
HV_80B 685843.9 5016230.9 
HV_04B 698049.0 5015496.5 
HV_75A 694746.0 5016090.1 
HV_75B 695053.3 5015902.2 
HV_09A 695502.4 5014852.1 
HV_76B 683350.9 5015169.1 

HV_09B 695549.2 5014653.3 
HV_81B 697058.9 5017141.5 
HV_81A 697051.9 5017351.8 
HV_30A 686199.7 5012851.0 
HV_27A 685602.0 5015399.2 
HV_61A 683646.3 5015100.2 
HV_10A 683205.5 5013475.3 
HV_11A 684590.2 5012684.9 
HV_12A 700113.6 5021506.2 
HV_37A 698951.2 5020999.1 
HV_13B 691054.0 5022150.2 

HV_13A 690948.0 5022299.8 
HV_14B 694149.4 5022651.2 
HV_21B 694397.8 5022698.4 
HV_52A 694417.0 5023175.8 
HV_16A 685351.0 5017100.9 
HV_26A 689998.3 5017101.3 
HV_24A 700358.0 5021754.9 
HV_18A 700251.6 5014151.1 
HV_28A 692697.9 5016348.6 
HV_20A 687446.6 5018949.0 

HV_29A 687800.4 5013301.4 
HV_38B 696303.1 5024851.1 
HV_23B 682798.1 5012895.3 
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PlotID X_centre Y_centre 
HV_23A 682899.4 5013096.9 
HV_31A 697452.5 5017397.8 
HV_31B 697602.6 5017350.9 
HV_45B 697649.1 5019153.5 
HV_45A 697501.3 5019252.9 
HV_47A 697201.6 5019101.6 
HV_41A 696202.0 5020644.9 
HV_41B 696208.5 5021005.0 
HV_44A 695600.1 5020199.5 
HV_44B 695811.0 5020138.3 

HV_35B 684802.7 5018008.5 
HV_35A 684936.9 5018078.8 
HV_36B 692000.7 5024151.7 
HV_65B 695755.4 5022695.6 
HV_59B 698353.2 5025785.4 
HV_49B 698642.2 5022506.8 
HV_42B 694603.0 5020201.3 
HV_50B 691282.2 5018490.4 
HV_06A 697649.0 5015945.8 
HV_06B 698073.1 5015842.7 
HV_40A 685743.0 5016811.5 

HV_40B 685893.7 5016546.5 
HV_80A 685546.0 5016405.0 
HV_53A 688404.2 5017155.0 
HV_53B 688849.2 5017049.2 
HV_71A 690311.8 5015565.2 
HV_03B 691274.8 5013176.2 
HV_71B 690602.9 5015375.2 
HV_78B 683202.4 5015160.3 
HV_76A 683463.3 5015364.1 
HV_02A 693652.8 5011152.9 
HV_02B 693553.3 5010936.8 

HV_05A 683337.0 5016731.9 
HV_05B 683502.8 5016550.2 
HV_79A 683756.4 5016540.7 
HV_79B 683995.0 5016550.3 
HV_73A 684776.9 5016674.4 
HV_73B 684529.2 5016576.5 
HV_72B 686953.4 5019006.7 
HV_72A 687252.5 5019101.3 
HV_82A 692396.5 5012809.9 
HV_82B 692263.1 5012740.7 

HV_83B 698112.2 5023809.2 
HV_83A 697895.5 5023803.9 
HV_60A 685549.8 5014999.7 
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PlotID X_centre Y_centre 
HV_25A 684249.9 5012250.1 
HV_17A 690749.5 5015197.7 
HV_17B 690599.5 5014899.9 
HV_19A 690900.2 5016503.0 
HV_19B 690500.5 5016350.6 
HV_62B 693793.7 5021149.1 
HV_01B 693548.2 5021250.0 
HV_62A 693898.4 5021299.3 
HV_01A 693498.8 5021399.8 
HB_13 693049.0 5013535.2 

HB_14 693182.3 5013683.8 
HB_12 693038.8 5013720.6 
HB_08 692197.4 5013778.2 
HB_15 693333.9 5013796.1 
HB_07 692006.1 5013798.3 
HB_11 692918.4 5013844.9 
HB_06 691678.2 5013870.6 
HB_09 692249.1 5013938.4 
HB_10 692494.5 5013964.8 
HB_02 693483.8 5014090.1 
HB_03 693631.7 5014206.6 

HB_04 693795.1 5014220.3 
HB_01 693486.7 5014231.3 
HB_05 693837.1 5014409.4 

 

 

Figure A.1 Location of field plots in Haliburton Forest. 
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Appendix B 

Sample data of Chapter 2: Estimation of size class distribution 

PlotID sapling polewood 

small 

sawlogs 

medium 

sawlogs 

large 

sawlogs 

extra-large 

sawlogs 

HV_01A 38 30 31 10 4 1 

HV_01B 41 21 21 23 14 1 

HV_02A 117 24 15 13 6 2 

HV_02B 98 42 22 11 3 0 

HV_03B 75 25 21 8 3 0 

HV_04A 154 34 18 3 1 0 

HV_04B 204 42 11 4 1 0 

HV_05A 216 89 15 6 0 0 

HV_05B 174 26 7 5 0 0 

HV_06A 61 41 19 4 1 1 

HV_06B 61 47 28 6 0 0 

HV_08B 51 30 25 12 4 0 

HV_09A 25 10 16 8 4 1 

HV_09B 63 19 7 10 0 1 

HV_10A 209 36 6 4 0 0 

HV_10B 152 27 18 4 0 0 

HV_11A 152 47 20 2 0 0 

HV_11B 110 52 27 3 0 0 

HV_12A 82 14 10 4 1 1 

HV_12B 59 28 29 13 2 2 

HV_13A 45 31 18 5 0 1 

HV_13B 34 20 15 4 4 0 

HV_14A 80 29 17 13 1 1 

HV_14B 79 13 24 14 2 0 

HV_15A 101 41 23 7 1 0 

HV_15B 78 36 34 5 0 0 

HV_16A 88 57 34 9 2 1 

HV_16B 94 52 27 12 4 1 

HV_17A 26 11 18 10 6 2 

HV_17B 85 28 24 10 1 0 

HV_18A 38 26 34 2 0 0 

HV_18B 59 28 32 5 2 0 

HV_19A 95 26 16 11 2 0 

HV_19B 39 26 19 19 2 0 

HV_20A 83 50 29 14 2 3 

HV_20B 141 75 15 2 1 0 

HV_21A 54 29 36 11 1 0 

HV_21B 36 18 27 24 1 0 

HV_22A 81 14 18 11 4 2 

HV_22B 77 11 13 7 16 1 
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PlotID sapling polewood 

small 

sawlogs 

medium 

sawlogs 

large 

sawlogs 

extra-large 

sawlogs 

HV_23A 242 65 19 7 0 0 

HV_23B 307 63 21 8 4 0 

HV_24A 69 29 19 9 5 2 

HV_24B 59 31 19 12 2 3 

HV_25A 274 66 29 3 1 0 

HV_25B 123 47 22 7 1 0 

HV_26A 88 31 33 6 0 0 

HV_26B 208 44 19 8 4 0 

HV_27A 84 13 15 4 5 1 

HV_27B 77 38 15 9 4 1 

HV_28A 102 20 16 14 1 0 

HV_28B 50 30 10 11 4 5 

HV_29A 216 53 39 3 0 0 

HV_29B 107 46 28 9 5 1 

HV_30A 204 15 9 0 1 0 

HV_30B 212 19 7 0 0 0 

HV_31A 111 48 27 14 4 1 

HV_31B 79 31 15 3 2 2 

HV_33A 147 42 8 11 7 2 

HV_33B 53 29 24 20 6 1 

HV_34A 59 21 24 11 5 0 

HV_34B 76 35 15 9 4 1 

HV_35A 99 30 30 9 4 0 

HV_35B 29 24 33 22 8 0 

HV_36A 55 20 15 12 4 0 

HV_36B 78 42 19 9 1 0 

HV_37A 101 54 34 9 1 1 

HV_37B 126 34 29 5 0 0 

HV_38A 123 29 10 8 2 0 

HV_38B 78 27 34 9 2 0 

HV_39A 51 25 23 11 1 0 

HV_39B 65 23 16 8 8 3 

HV_40A 82 35 21 9 6 0 

HV_40B 164 23 10 12 1 0 

HV_41A 66 28 25 12 2 0 

HV_41B 54 25 11 9 1 0 

HV_42A 103 50 27 6 5 1 

HV_42B 39 33 25 7 3 1 

HV_43A 64 28 17 11 4 3 

HV_43B 56 32 11 17 8 2 

HV_44A 66 44 19 11 5 1 

HV_44B 44 12 22 19 6 2 

HV_45A 97 60 33 9 3 2 

HV_45B 99 37 19 5 2 1 
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PlotID sapling polewood 

small 

sawlogs 

medium 

sawlogs 

large 

sawlogs 

extra-large 

sawlogs 

HV_47A 130 55 35 11 1 0 

HV_47B 77 26 38 24 3 1 

HV_48A 72 47 25 5 3 0 

HV_48B 67 45 26 13 2 1 

HV_49A 75 42 23 5 0 0 

HV_49B 147 47 27 5 0 0 

HV_50A 39 26 34 11 3 1 

HV_50B 63 37 29 23 3 0 

HV_51A 62 36 55 20 9 1 

HV_51B 53 34 22 13 6 5 

HV_52A 66 38 19 19 3 1 

HV_52B 85 45 25 7 4 2 

HV_53A 56 17 20 22 6 0 

HV_53B 53 24 21 11 4 1 

HV_55A 128 31 24 14 0 0 

HV_55B 59 19 24 14 8 1 

HV_56A 69 32 14 10 1 0 

HV_56B 76 16 12 1 0 0 

HV_58A 98 32 20 15 1 0 

HV_58B 106 43 20 8 0 0 

HV_59A 176 28 23 4 0 2 

HV_59B 99 32 29 8 0 0 

HV_60A 63 47 26 5 2 1 

HV_60B 195 43 28 10 4 0 

HV_61A 193 69 26 4 2 0 

HV_61B 215 102 32 2 0 0 

HV_62A 53 22 40 8 4 0 

HV_62B 97 61 12 8 1 1 

HV_63A 105 31 19 10 0 1 

HV_63B 78 26 21 14 3 1 

HV_64A 57 20 27 9 0 0 

HV_64B 42 28 32 11 2 0 

HV_65A 118 34 26 5 3 1 

HV_65B 43 28 23 6 3 1 

HV_71A 101 34 17 15 7 0 

HV_71B 106 57 26 13 5 0 

HV_72A 64 10 24 15 14 4 

HV_72B 83 29 12 14 6 3 

HV_73A 260 82 10 1 0 0 

HV_73B 293 84 13 2 0 0 

HV_75A 54 33 25 13 1 1 

HV_75B 80 31 22 10 1 0 

HV_76A 85 22 24 6 1 0 

HV_76B 97 39 27 3 0 0 
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PlotID sapling polewood 

small 

sawlogs 

medium 

sawlogs 

large 

sawlogs 

extra-large 

sawlogs 

HV_78A 128 70 13 4 1 0 

HV_78B 162 52 21 3 1 1 

HV_79A 119 52 20 6 1 0 

HV_79B 111 41 25 12 0 0 

HV_80A 64 61 32 10 1 1 

HV_80B 105 24 13 23 0 0 

HV_81A 65 31 24 19 5 1 

HV_81B 183 45 17 10 3 2 

HV_82A 85 31 32 11 3 0 

HV_82B 62 20 29 8 1 0 

HV_83A 106 28 23 5 1 0 

HV_83B 50 20 24 15 3 5 
HV2_10

3A 106 73 37 9 3 4 
HV2_10

3B 33 22 32 11 2 3 
HV2_10

5A 38 24 27 18 3 3 
HV2_10

5B 117 69 37 8 4 2 
HV2_10

6A 80 23 28 24 9 2 
HV2_10

6B 88 32 38 14 7 0 
HV2_11

0A 89 44 39 16 3 2 
HV2_11

0B 87 37 35 16 4 0 
HV2_11

1B 129 31 26 14 3 8 
HV2_11

8A 62 15 33 14 3 8 
HV2_11

8B 56 23 24 23 11 5 
HV2_12

2A 83 28 23 16 7 9 
HV2_12

2B 171 46 35 6 2 2 
HV2_12

3A 129 55 40 8 0 0 
HV2_12

3B 124 40 18 0 0 0 
HV2_12

5A 193 58 20 5 1 0 
HV2_12

5B 233 91 30 7 0 0 
HV2_12

6A 64 23 18 12 11 5 



 

163 

 

PlotID sapling polewood 

small 

sawlogs 

medium 

sawlogs 

large 

sawlogs 

extra-large 

sawlogs 

HV2_12
6B 58 41 37 22 6 0 

HV2_13
4A 203 72 46 8 3 0 

HV2_13
4B 271 77 31 3 0 0 

HV2_13
7A 79 45 42 11 4 0 

HV2_13
7B 124 100 36 4 1 0 

HV2_13
9A 145 19 13 9 2 1 

HV2_13
9B 229 28 19 5 1 0 

HV2_14
1A 184 63 50 6 0 0 

HV2_14
1B 194 58 28 3 2 0 

HV2_14
3A 178 49 32 8 0 0 

HV2_14
3B 88 47 8 0 2 0 

HV2_14
4A 107 41 21 9 4 0 

HV2_14
4B 232 56 31 4 2 0 

HV2_14
5A 299 98 42 7 0 0 

HV2_14
5B 171 90 41 3 0 0 

HV2_14
6A 234 63 12 2 0 0 

HV2_14
6B 323 75 19 4 1 0 

HV2_14
8A 208 92 21 3 0 0 

HV2_14
8B 227 51 23 8 3 1 

HV2_15
1A 216 54 33 7 2 0 

HV2_15
1B 166 88 40 9 0 3 

HV2_15
2A 150 61 23 15 5 1 

HV2_15
2B 76 53 26 19 4 0 

HV2_15
3A 235 73 24 1 1 0 
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PlotID sapling polewood 

small 

sawlogs 

medium 

sawlogs 

large 

sawlogs 

extra-large 

sawlogs 

HV2_15
3B 259 53 29 8 0 1 

HV2_15
5A 99 48 25 6 7 1 

HV2_15
5B 289 84 33 14 1 0 
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Appendix C 

Sample data for Chapter 3: LAI model 

PlotID LAI ALS_cc2 ALS_CHM.skewness ALS_CHM.CRR ALS_D1 ALS_Elev.P20 

HV_04A 3.04 0.735 0.122 0.513 0.206 2.06 

HV_05A 2.94 0.719 -0.96 0.571 0.118 5.28 

HV_05B 2.59 0.673 -0.517 0.426 0.247 0.25 

HV_06A 3.23 0.701 -0.56 0.525 0.137 3.44 

HV_06B 2.93 0.711 -1.585 0.675 0.15 3.78 

HV_11A 3.18 0.733 0.165 0.461 0.083 4.8 

HV_11B 3.39 0.754 0.945 0.417 0.034 5.91 

HV_13A 2.45 0.585 -0.717 0.488 0.321 0.28 

HV_13B 2.54 0.603 -0.571 0.5 0.362 0.3 

HV_15B 3.1 0.739 -0.53 0.608 0.054 6.54 

HV_17A 2.97 0.68 -0.586 0.581 0.191 2.72 

HV_17B 3.47 0.741 -0.129 0.567 0.059 6.398 

HV_18A 2.65 0.728 -0.993 0.627 0.21 1.576 

HV_18B 2.69 0.718 -0.718 0.541 0.221 1.53 

HV_23A 3.25 0.746 0.296 0.515 0.043 6.45 

HV_25A 2.87 0.719 0.185 0.447 0.111 4.198 

HV_28A 3.24 0.731 -0.898 0.703 0.064 10.928 

HV_31A 3.21 0.753 -1.048 0.668 0.069 7.83 

HV_31B 2.37 0.595 -0.21 0.448 0.36 0 

HV_37A 2.55 0.663 -0.262 0.422 0.184 3.35 

HV_37B 3.14 0.725 -0.305 0.517 0.123 5.19 

HV_41B 2.65 0.703 -0.861 0.598 0.218 0.56 

HV_42B 2.93 0.741 -2.063 0.72 0.081 7.77 

HV_49A 2.71 0.645 -0.214 0.441 0.28 0.8 

HV_49B 2.52 0.697 -0.278 0.462 0.215 2.25 

HV_50A 2.83 0.748 -1.4 0.667 0.114 5.64 

HV_50B 3.27 0.747 -0.904 0.634 0.1 7.288 

HV_51A 3.3 0.745 -1.524 0.647 0.068 10.974 

HV_51B 3.18 0.733 -0.532 0.558 0.063 7.16 

HV_53A 3 0.741 -0.785 0.596 0.086 6.7 

HV_53B 3.05 0.722 -1.81 0.68 0.139 8.48 

HV_58A 3.07 0.749 -0.125 0.578 0.049 6.992 

HV_58B 3.18 0.739 0.101 0.44 0.08 5.14 

HV_59A 3.38 0.749 0.454 0.611 0.036 9.41 

HV_59B 3.42 0.748 -0.238 0.611 0.024 8.89 

HV_61A 3.51 0.752 -0.771 0.637 0.116 4.42 

HV_61B 2.72 0.744 -1.337 0.654 0.137 4.52 

HV_63B 3.1 0.747 -1.04 0.689 0.095 6.88 

HV_65A 3.12 0.723 -0.588 0.579 0.093 4.994 

HV_65B 2.84 0.728 -1.091 0.659 0.149 4.54 

HV_71A 2.61 0.703 -1.005 0.578 0.138 6.15 
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PlotID LAI ALS_cc2 ALS_CHM.skewness ALS_CHM.CRR ALS_D1 ALS_Elev.P20 

HV_73A 2.74 0.75 -0.484 0.588 0.126 4.38 

HV_73B 3.35 0.744 -0.622 0.581 0.119 4.68 

HV_76B 3.48 0.723 -0.912 0.586 0.137 4.62 

HV_78B 3.55 0.745 -0.951 0.674 0.119 5.15 

HV_79A 2.87 0.739 -0.964 0.602 0.115 4.396 

HV_79B 2.75 0.697 -1.563 0.672 0.191 2.81 

HV_81A 3.32 0.74 -1.287 0.681 0.098 8.401 

HV_81B 3.14 0.741 -0.749 0.633 0.122 6.07 

HV_83A 2.91 0.721 -0.271 0.526 0.1 4.448 

HV2_103A 2.77 0.695 -0.4 0.461 0.23 0.56 

HV2_103B 2.9 0.718 -0.648 0.48 0.155 3.77 

HV2_105A 2.94 0.714 -0.914 0.572 0.175 3.58 

HV2_105B 2.83 0.727 -0.854 0.571 0.157 3.96 

HV2_106B 3.08 0.734 -1.042 0.654 0.1 8.24 

HV2_111B 3.3 0.75 -0.187 0.554 0.059 7.5 

HV2_118A 3.22 0.756 -0.67 0.61 0.041 10.07 

HV2_118B 3.1 0.72 -0.951 0.654 0.094 6.07 

HV2_123A 3.3 0.71 -0.134 0.457 0.103 4.71 

HV2_123B 3.26 0.693 0.619 0.332 0.173 2.736 

HV2_126A 2.81 0.724 -0.878 0.577 0.16 4.69 

HV2_126B 2.7 0.73 -0.722 0.57 0.204 2.63 

HV2_134A 3.02 0.726 -0.128 0.463 0.135 4.63 

HV2_134B 2.96 0.707 -0.217 0.475 0.14 4.124 

HV2_137A 2.99 0.752 -1.787 0.669 0.096 7.61 

HV2_137B 3.18 0.728 -1.401 0.646 0.1 6.684 

HV2_139A 3.41 0.74 0.498 0.547 0.046 8.45 

HV2_139B 3.06 0.739 0.252 0.538 0.052 7.61 

HV2_141A 3.06 0.689 -0.451 0.521 0.155 3.91 

HV2_141B 2.75 0.735 -0.735 0.623 0.142 3.85 

HV2_143A 2.63 0.667 -0.449 0.507 0.209 1.9 

HV2_143B 2.07 0.416 0.36 0.29 0.486 0.03 

HV2_144B 3.22 0.742 -0.35 0.525 0.09 4.45 

HV2_145A 2.96 0.733 -0.072 0.528 0.066 5.102 

HV2_145B 3.05 0.727 -0.788 0.594 0.113 5.66 

HV2_148B 3.38 0.739 0.303 0.442 0.096 5.86 

HV2_153A 2.74 0.67 -0.944 0.524 0.209 0.966 

HV2_153B 2.47 0.691 -0.581 0.455 0.265 0.28 

HV2_155A 2.96 0.732 -0.979 0.555 0.139 4.59 

HV2_155B 2.61 0.73 -0.999 0.525 0.252 0.35 

 

PlotID ALS_Elev.P40 DAP_Return.count DAP_Elev.CV DAP_D1 DAP_cc2 DAP_cc10 

HV_04A 7.03 8101 0.264 0 0.739 0.528 

HV_05A 8.96 7719 0.155 0 0.756 0.717 

HV_05B 5.59 6689 0.319 0.026 0.683 0.341 
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PlotID ALS_Elev.P40 DAP_Return.count DAP_Elev.CV DAP_D1 DAP_cc2 DAP_cc10 

HV_06A 7.86 6222 0.223 0 0.746 0.661 

HV_06B 11.57 6754 0.122 0 0.764 0.759 

HV_11A 6.85 7186 0.363 0.008 0.739 0.292 

HV_11B 7.26 7236 0.325 0 0.764 0.246 

HV_13A 8.58 6318 0.211 0.017 0.714 0.681 

HV_13B 5.28 5185 0.356 0.07 0.666 0.593 

HV_15B 9.95 7301 0.162 0 0.75 0.735 

HV_17A 7.98 6500 0.135 0 0.751 0.741 

HV_17B 9.75 7776 0.263 0 0.754 0.655 

HV_18A 8.36 6516 0.193 0.001 0.745 0.717 

HV_18B 7.73 6292 0.236 0 0.756 0.675 

HV_23A 8.53 7348 0.381 0 0.749 0.469 

HV_25A 6.9 6366 0.352 0.003 0.75 0.483 

HV_28A 14.38 6978 0.148 0 0.739 0.739 

HV_31A 13.94 7527 0.15 0 0.753 0.752 

HV_31B 4.32 7701 0.171 0 0.742 0.732 

HV_37A 8.35 1882 0.122 0 0.662 0.661 

HV_37B 8.55 6325 0.245 0 0.75 0.607 

HV_41B 9 7480 0.184 0 0.75 0.718 

HV_42B 15.57 7674 0.097 0 0.755 0.755 

HV_49A 5.5 5556 0.42 0.089 0.67 0.474 

HV_49B 6.59 5408 0.318 0.027 0.672 0.519 

HV_50A 11.64 7402 0.132 0 0.749 0.749 

HV_50B 12.06 7343 0.212 0 0.751 0.714 

HV_51A 14.94 7518 0.104 0 0.739 0.739 

HV_51B 12.01 6952 0.202 0 0.765 0.757 

HV_53A 10.79 7563 0.197 0 0.765 0.74 

HV_53B 15.69 7587 0.135 0 0.768 0.768 

HV_58A 9.88 6486 0.254 0 0.736 0.631 

HV_58B 7.95 6374 0.286 0 0.751 0.538 

HV_59A 10.6 8026 0.209 0 0.753 0.601 

HV_59B 11.06 7670 0.196 0 0.75 0.696 

HV_61A 7.74 7341 0.171 0 0.746 0.712 

HV_61B 8.1 7943 0.131 0 0.752 0.741 

HV_63B 12.34 6745 0.153 0 0.736 0.733 

HV_65A 7.97 6821 0.227 0 0.734 0.621 

HV_65B 11.24 6947 0.227 0.001 0.753 0.696 

HV_71A 10.9 6484 0.145 0 0.764 0.749 

HV_73A 7.83 7365 0.195 0 0.768 0.689 

HV_73B 7.85 7070 0.181 0 0.749 0.666 

HV_76B 9.06 7530 0.225 0.003 0.725 0.636 

HV_78B 8.47 8487 0.204 0.003 0.75 0.554 

HV_79A 9.05 7365 0.166 0 0.752 0.716 

HV_79B 12.03 6778 0.132 0.001 0.75 0.749 

HV_81A 14.1 7311 0.177 0 0.766 0.749 
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PlotID ALS_Elev.P40 DAP_Return.count DAP_Elev.CV DAP_D1 DAP_cc2 DAP_cc10 

HV_81B 10.31 6980 0.202 0 0.761 0.723 

HV_83A 7.07 6233 0.271 0 0.741 0.588 

HV2_103A 10.16 6171 0.216 0 0.736 0.706 

HV2_103B 9.68 6414 0.201 0.006 0.744 0.708 

HV2_105A 8.67 7319 0.142 0 0.744 0.732 

HV2_105B 9.4 8223 0.192 0 0.76 0.744 

HV2_106B 12.56 7206 0.163 0 0.744 0.74 

HV2_111B 10.51 7267 0.267 0 0.747 0.643 

HV2_118A 14.21 7874 0.142 0 0.761 0.761 

HV2_118B 10.74 8204 0.202 0 0.748 0.704 

HV2_123A 7.59 6774 0.395 0.029 0.728 0.444 

HV2_123B 4.74 7114 0.568 0.048 0.701 0.159 

HV2_126A 10.54 5642 0.199 0.004 0.736 0.714 

HV2_126B 10.81 6192 0.187 0 0.73 0.723 

HV2_134A 9.08 6068 0.228 0 0.759 0.651 

HV2_134B 6.98 6099 0.293 0.022 0.729 0.4 

HV2_137A 15.74 8259 0.089 0 0.749 0.749 

HV2_137B 12.77 8567 0.079 0 0.75 0.75 

HV2_139A 10.42 7648 0.366 0 0.743 0.584 

HV2_139B 10.35 7739 0.309 0.002 0.766 0.641 

HV2_141A 8.03 5383 0.384 0.057 0.717 0.61 

HV2_141B 10.25 6144 0.187 0 0.737 0.715 

HV2_143A 7.64 5875 0.281 0.004 0.74 0.574 

HV2_143B 0.3 859 0.291 0.024 0.433 0.232 

HV2_144B 8.34 6749 0.254 0 0.746 0.671 

HV2_145A 7.02 5201 0.211 0 0.74 0.682 

HV2_145B 9.81 6188 0.145 0 0.749 0.744 

HV2_148B 8.68 5501 0.281 0 0.729 0.571 

HV2_153A 9.47 5613 0.295 0.052 0.674 0.63 

HV2_153B 7.8 6697 0.194 0 0.756 0.728 

HV2_155A 10.99 7044 0.205 0 0.755 0.706 

HV2_155B 9.1 7198 0.16 0 0.749 0.702 
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Appendix D 

Sample data of Chapter 4: Estimation of FRI variables 

PlotID BA Conifer RBA Stem Density 

HV2_111B 41.3 0.836 844 

HV2_118A 42.1 0.597 540 

HV2_118B 45.4 0.641 568 

HV2_126B 39.1 0.936 656 

HV2_126A 38.1 0.422 532 

HV_50A  26.7 0.403 456 

HV_50B  34.1 0.703 620 

HV_23B  35.1 0.516 1612 

HV_23A  29.3 0.328 1332 

HV_43A  26.3 0.483 508 

HV_44A  28.8 0.571 584 

HV_44B  31.3 0.654 420 

HV_45B  22.1 0.260 652 

HV_45A  33.7 0.420 816 

HV2_103A 43.0 0.780 928 

HV2_103B 28.5 0.701 412 

HV2_110B 32.4 0.454 716 

HV2_110A 37.4 0.643 772 

HV_51B  34.1 0.467 532 

HV_51A  45.9 0.595 732 

HV_80B  25.3 0.151 660 

HV_80A  28.9 0.059 676 

HV2_148A 30.1 0.397 1296 

HV2_148B 32.9 0.428 1252 

HV_47B  39.1 0.432 676 

HV_47A  31.0 0.176 928 

HV_01B  40.2 0.782 484 

HV_01A  27.0 0.384 456 

HV_24B  26.1 0.511 504 

HV_24A  26.5 0.189 532 

HV_72B  30.1 0.465 588 

HV_72A  41.1 0.449 524 

HV2_106A 40.7 0.625 664 

HV2_106B 34.7 0.492 716 

HV_53A  30.0 0.360 484 

HV_53B  23.9 0.000 456 

HV_12B  27.4 0.448 532 

HV_12A  13.4 0.123 448 

HV_78A  22.0 0.039 864 

HV_08B  24.4 0.091 488 

HV_79A  22.8 0.000 792 
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PlotID BA Conifer RBA Stem Density 

HV_79B  26.1 0.018 756 

HV_49A  19.3 0.624 580 

HV_49B  24.3 0.345 904 

HV_48A  23.7 0.068 608 

HV_48B  28.2 0.259 616 

HV_35B  34.4 0.338 464 

HV_35A  25.4 0.205 688 

HV_16B  31.4 0.184 760 

HV_16A  31.6 0.222 764 

HV_56B  9.7 0.059 420 

HV_56A  18.1 0.348 504 

HV_37B  22.0 0.052 776 

HV_37A  29.5 0.143 800 

HV2_125B 35.9 0.689 1444 

HV2_125A 26.7 0.789 1108 

HV2_143A 29.2 0.334 1068 

HV2_143B 14.6 0.764 580 

HV_39A  20.7 0.055 444 

HV_20B  22.9 0.016 936 

HV_20A  34.4 0.415 724 

HV_10B  17.2 0.103 804 

HV_10A  17.7 0.030 1020 

HV_58B  21.6 0.160 708 

HV_26B  28.4 0.407 1132 

HV_26A  21.8 0.061 632 

HV_40A  25.7 0.015 612 

HV_40B  22.0 0.001 840 

HV2_144A 26.0 0.193 728 

HV2_144B 30.7 0.282 1300 

HV2_145A 41.9 0.225 1784 

HV2_145B 33.6 0.105 1220 

HV_05A  31.0 0.178 1304 

HV_05B  16.1 0.130 848 

HV_41A  23.5 0.023 532 

HV_41B  14.7 0.000 400 

HV2_146B 32.7 0.367 1688 

HV2_146A 24.2 0.435 1244 

HV_73A  26.2 0.266 1412 

HV_73B  28.4 0.324 1568 

HV_76B  19.5 0.000 664 

HV_76A  18.4 0.034 552 

HV_19A  21.9 0.000 600 

HV_19B  24.9 0.027 420 

HV_42A  30.6 0.215 768 

HV_42B  22.9 0.000 432 
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PlotID BA Conifer RBA Stem Density 

HV2_153A 30.2 0.471 1336 

HV2_153B 32.9 0.586 1400 

HV_60B  33.1 0.558 1120 

HV_60A  23.7 0.259 576 

HV_62B  24.3 0.000 720 

HV_62A  26.4 0.000 508 

HV_27B  25.5 0.321 576 

HV_27A  18.4 0.215 488 

HV_78B  25.1 0.016 960 

HV_61B  34.5 0.237 1404 

HV_61A  29.5 0.190 1176 

 

PlotID D1 D2 D3 D8 Elev.mean Elev.MAD.median 

HV2_111B 0.06 0.11 0.22 0.98 11.85 3.79 

HV2_118A 0.04 0.06 0.12 0.92 15.14 4.34 

HV2_118B 0.09 0.15 0.23 0.91 11.53 4.06 

HV2_126B 0.20 0.25 0.32 0.97 11.53 4.95 

HV2_126A 0.16 0.23 0.33 0.96 12.19 5.79 

HV_50A 0.11 0.18 0.23 0.92 11.79 4.03 

HV_50B 0.10 0.13 0.20 0.92 12.54 3.94 

HV_23B 0.07 0.12 0.32 0.97 9.41 2.88 

HV_23A 0.04 0.08 0.25 0.92 10.61 3.37 

HV_43A 0.16 0.17 0.22 0.92 12.78 4.14 

HV_44A 0.09 0.12 0.17 0.90 13.13 3.63 

HV_44B 0.15 0.22 0.26 0.97 12.54 4.06 

HV_45B 0.18 0.21 0.28 0.89 10.25 4.54 

HV_45A 0.12 0.15 0.20 0.97 11.49 2.91 

HV2_103A 0.23 0.27 0.37 0.99 10.89 4.88 

HV2_103B 0.16 0.28 0.36 0.98 11.03 5.30 

HV2_110B 0.09 0.13 0.20 0.98 11.34 3.09 

HV2_110A 0.11 0.14 0.20 0.97 12.31 3.49 

HV_51B 0.06 0.14 0.22 0.93 12.86 4.17 

HV_51A 0.07 0.09 0.13 0.96 14.63 2.88 

HV_80B 0.18 0.27 0.36 0.81 10.69 5.58 

HV_80A 0.09 0.16 0.26 0.81 12.48 4.55 

HV2_148A 0.07 0.12 0.23 0.94 9.61 3.08 

HV2_148B 0.10 0.19 0.39 0.98 10.46 3.75 

HV_47B 0.12 0.16 0.20 0.94 13.22 3.22 

HV_47A 0.11 0.16 0.25 0.94 11.14 4.07 

HV_01B 0.06 0.09 0.12 0.89 15.04 3.13 

HV_01A 0.08 0.11 0.16 0.88 14.36 3.18 

HV_24B 0.16 0.28 0.41 0.97 9.20 4.81 

HV_24A 0.16 0.21 0.30 0.96 10.74 4.26 

HV_72B 0.11 0.13 0.17 0.94 13.50 3.32 
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PlotID D1 D2 D3 D8 Elev.mean Elev.MAD.median 

HV_72A 0.06 0.12 0.22 0.96 14.05 4.87 

HV2_106A 0.08 0.11 0.19 0.93 12.27 3.91 

HV2_106B 0.10 0.13 0.18 0.90 12.66 3.22 

HV_53A 0.09 0.14 0.26 0.96 12.16 4.55 

HV_53B 0.14 0.16 0.19 0.86 14.81 3.53 

HV_12B 0.10 0.16 0.23 0.89 11.65 4.27 

HV_12A 0.25 0.35 0.47 0.95 7.88 5.02 

HV_78A 0.16 0.23 0.31 0.92 9.77 4.06 

HV_08B 0.06 0.11 0.28 0.83 12.43 5.42 

HV_79A 0.12 0.19 0.27 0.95 9.65 3.63 

HV_79B 0.19 0.25 0.29 0.83 12.25 4.85 

HV_49A 0.28 0.36 0.46 0.97 7.58 5.21 

HV_49B 0.22 0.34 0.46 0.98 8.85 5.22 

HV_48A 0.08 0.14 0.23 0.86 13.21 4.99 

HV_48B 0.08 0.13 0.19 0.78 14.38 3.69 

HV_35B 0.05 0.06 0.09 0.81 17.99 3.14 

HV_35A 0.04 0.05 0.08 0.88 14.95 3.19 

HV_16B 0.06 0.11 0.23 0.95 12.90 4.08 

HV_16A 0.06 0.11 0.23 0.94 12.24 3.99 

HV_56B 0.28 0.44 0.65 0.99 6.37 3.95 

HV_56A 0.26 0.35 0.48 0.98 7.42 4.78 

HV_37B 0.12 0.18 0.27 0.96 9.26 3.18 

HV_37A 0.18 0.27 0.39 0.98 9.90 4.83 

HV2_125B 0.26 0.31 0.39 1.00 9.02 4.77 

HV2_125A 0.34 0.39 0.48 0.98 6.78 5.56 

HV2_143A 0.21 0.27 0.35 0.93 8.84 4.62 

HV2_143B 0.49 0.53 0.59 0.98 5.18 2.75 

HV_39A 0.06 0.10 0.17 0.94 15.76 4.19 

HV_20B 0.19 0.25 0.32 0.98 8.76 3.60 

HV_20A 0.11 0.14 0.20 0.88 13.60 4.12 

HV_10B 0.04 0.05 0.18 0.97 9.95 2.01 

HV_10A 0.05 0.10 0.36 0.99 10.24 3.06 

HV_58B 0.08 0.19 0.36 0.99 9.35 3.50 

HV_26B 0.13 0.19 0.29 0.98 9.79 3.37 

HV_26A 0.12 0.15 0.19 0.92 12.14 3.41 

HV_40A 0.06 0.07 0.08 0.83 15.26 2.78 

HV_40B 0.09 0.10 0.13 0.89 13.53 3.10 

HV2_144A 0.12 0.24 0.35 0.94 11.37 5.54 

HV2_144B 0.09 0.23 0.36 0.96 10.06 4.64 

HV2_145A 0.07 0.17 0.41 0.93 9.86 3.83 

HV2_145B 0.11 0.17 0.27 0.94 10.90 4.38 

HV_05A 0.12 0.16 0.24 0.97 9.44 3.22 

HV_05B 0.25 0.31 0.43 1.00 6.57 3.80 

HV_41A 0.07 0.09 0.12 0.81 14.83 2.92 

HV_41B 0.22 0.25 0.32 0.88 10.64 5.72 
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PlotID D1 D2 D3 D8 Elev.mean Elev.MAD.median 

HV2_146B 0.11 0.22 0.36 0.96 8.27 3.38 

HV2_146A 0.16 0.19 0.31 0.97 8.02 3.26 

HV_73A 0.13 0.19 0.30 0.95 8.92 3.66 

HV_73B 0.12 0.18 0.31 0.96 8.96 3.67 

HV_76B 0.14 0.19 0.28 0.96 10.01 4.10 

HV_76A 0.14 0.16 0.22 0.91 11.40 4.09 

HV_19A 0.08 0.12 0.17 0.89 14.26 3.73 

HV_19B 0.12 0.16 0.18 0.57 15.91 2.91 

HV_42A 0.09 0.11 0.16 0.89 13.25 2.75 

HV_42B 0.08 0.15 0.20 0.87 14.69 3.03 

HV2_153A 0.21 0.24 0.32 0.98 10.59 5.06 

HV2_153B 0.27 0.31 0.40 0.99 8.69 4.82 

HV_60B 0.06 0.10 0.16 0.93 12.80 3.17 

HV_60A 0.16 0.18 0.19 0.80 14.24 3.36 

HV_62B 0.10 0.11 0.13 0.84 13.70 2.34 

HV_62A 0.10 0.13 0.17 0.83 14.93 3.41 

HV_27B 0.13 0.17 0.23 0.94 12.45 3.87 

HV_27A 0.09 0.23 0.52 0.96 8.49 2.54 

HV_78B 0.12 0.14 0.20 0.88 8.87 3.00 

HV_61B 0.14 0.19 0.31 0.94 9.83 4.78 

HV_61A 0.12 0.19 0.32 0.91 9.57 4.58 

 

 

PlotID Elev.P75 Gap_Fraction Elev.P95 Int.mean Int.P25 Int.P75 

HV2_111B 15.92 87.44 19.82 26.46 14 38 

HV2_118A 19.84 97.08 23.10 25.82 11 38 

HV2_118B 16.13 87.77 19.28 26.04 11 39 

HV2_126B 16.89 86.03 21.87 21.53 10 31 

HV2_126A 18.31 82.73 22.42 20.83 9 31 

HV_50A  16.78 87.48 19.18 24.54 10 37 

HV_50B  17.17 91.30 20.66 26.40 13 38 

HV_23B  12.57 67.17 17.95 26.18 14 37 

HV_23A  14.28 73.44 19.87 27.92 16 39 

HV_43A  17.83 90.97 22.16 25.57 12 38 

HV_44A  17.60 92.72 20.49 28.12 15 40 

HV_44B  17.74 84.86 21.05 26.96 14 38 

HV_45B  15.27 81.07 18.78 24.80 13 36 

HV_45A  15.48 92.93 17.76 23.00 10 33 

HV2_103A 15.95 87.82 22.21 18.71 8 28 

HV2_103B 16.51 77.38 19.74 23.65 11 35 

HV2_110B 15.16 92.84 17.80 22.61 10 33 

HV2_110A 16.55 94.46 20.40 23.09 11 34 

HV_51B  17.30 86.59 21.90 27.04 13 39 

HV_51A  18.44 98.41 21.06 22.23 10 32 
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PlotID Elev.P75 Gap_Fraction Elev.P95 Int.mean Int.P25 Int.P75 

HV_80B  16.94 81.19 19.30 20.82 8 32 

HV_80A  17.77 89.95 20.72 21.94 9 33 

HV2_148A 12.84 73.93 17.27 24.13 13 34 

HV2_148B 14.25 79.94 20.68 22.05 10 32 

HV_47B  17.84 94.95 20.43 23.14 10 34 

HV_47A  15.72 87.45 18.77 22.50 10 33 

HV_01B  19.10 97.42 22.15 27.20 15 38 

HV_01A  18.72 95.24 21.39 28.18 14 41 

HV_24B  13.95 65.06 18.64 23.45 12 33 

HV_24A  15.52 82.62 19.10 25.28 11 37 

HV_72B  17.71 94.33 21.61 23.44 11 34 

HV_72A  19.24 92.04 23.09 21.94 9 32 

HV2_106A 16.55 89.22 20.11 26.45 12 39 

HV2_106B 16.54 94.26 21.10 24.97 11 36 

HV_53A  17.02 87.12 20.54 26.14 11 39 

HV_53B  20.03 92.09 23.60 26.81 12 40 

HV_12B  16.39 85.02 19.74 23.28 11 33 

HV_12A  12.42 52.91 18.57 29.96 17 42 

HV_78A  14.52 89.41 17.02 22.54 8 34 

HV_08B  18.13 80.17 20.66 23.70 9 36 

HV_79A  13.79 87.01 16.66 22.39 9 34 

HV_79B  18.62 83.52 21.11 22.73 9 34 

HV_49A  12.21 59.46 17.05 25.33 13 36 

HV_49B  13.81 65.10 18.45 21.08 10 30 

HV_48A  18.73 89.36 21.79 24.18 10 36 

HV_48B  19.47 92.04 21.72 21.92 10 32 

HV_35B  22.07 99.18 25.29 24.08 10 35 

HV_35A  18.73 97.56 21.30 26.66 16 37 

HV_16B  17.35 91.18 20.91 22.62 10 33 

HV_16A  16.59 90.68 20.04 21.63 9 32 

HV_56B  9.46 35.90 16.38 32.53 20 45 

HV_56A  11.86 56.67 16.18 26.90 14 39 

HV_37B  12.66 80.81 17.02 24.51 12 35 

HV_37A  14.71 69.95 19.66 26.01 12 38 

HV2_125B 14.02 84.33 18.32 19.27 8 28 

HV2_125A 11.47 60.43 15.80 20.62 9 30 

HV2_143A 13.18 73.88 18.44 20.39 8 30 

HV2_143B 10.35 39.69 14.78 27.94 16 39 

HV_39A  20.73 95.52 24.48 22.63 9 34 

HV_20B  12.87 82.79 16.01 23.32 10 35 

HV_20A  18.71 91.99 21.85 21.84 10 32 

HV_10B  11.91 76.98 17.33 32.67 22 44 

HV_10A  13.55 76.23 17.69 25.57 13 37 

HV_58B  12.86 72.35 17.41 26.96 14 39 

HV_26B  13.49 87.37 17.74 19.28 8 29 
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PlotID Elev.P75 Gap_Fraction Elev.P95 Int.mean Int.P25 Int.P75 

HV_26A  16.49 93.54 19.35 25.78 12 38 

HV_40A  18.85 99.52 21.77 28.66 16 40 

HV_40B  17.27 98.05 22.15 25.49 12 37 

HV2_144A 16.56 80.66 21.93 19.29 8 28 

HV2_144B 14.46 80.65 19.25 18.33 8 27 

HV2_145A 14.83 64.68 19.48 21.49 10 31 

HV2_145B 15.57 88.86 19.12 20.65 8 31 

HV_05A  13.07 87.44 16.14 21.00 9 31 

HV_05B  10.42 57.86 13.54 24.87 11 36 

HV_41A  18.78 96.25 21.68 31.89 18.5 45 

HV_41B  16.89 82.61 20.22 26.41 11 40 

HV2_146B 11.51 70.74 16.39 20.28 10 29 

HV2_146A 11.62 69.95 15.07 21.38 10 31 

HV_73A  12.76 80.04 16.61 20.21 9 30 

HV_73B  12.80 78.94 16.43 19.48 8 28 

HV_76B  14.53 78.90 17.51 28.64 14 42 

HV_76A  16.18 86.94 19.48 29.19 14 42 

HV_19A  18.74 94.65 22.39 26.44 11 39 

HV_19B  21.18 94.24 22.91 26.08 10 39 

HV_42A  17.19 93.39 20.27 26.97 14 39 

HV_42B  19.52 93.16 22.04 24.84 11 37 

HV2_153A 16.26 82.30 19.70 16.91 7 25 

HV2_153B 13.60 81.66 17.75 19.65 8 29 

HV_60B  16.48 96.08 20.67 24.81 12 36 

HV_60A  19.52 91.03 22.04 26.79 13 39 

HV_62B  17.35 98.49 20.08 27.56 14 39 

HV_62A  19.87 94.38 22.37 27.85 13 40 

HV_27B  17.25 89.61 20.58 23.95 10 35 

HV_27A  11.07 48.91 18.73 27.07 17 37 

HV_78B  12.38 82.79 14.98 25.12 11 37 

HV_61B  15.03 80.96 17.48 18.61 8 28 

HV_61A  14.33 78.27 17.52 19.93 8 30 

 

 

PlotID Int.P80 Int.P90 Int.P99 Int.kurtosis Int.stddev 

HV2_111B 40 45 55 2.02 14.53 

HV2_118A 41 46 56 1.86 15.31 

HV2_118B 41 46 56 1.87 15.45 

HV2_126B 33 38 50 2.12 12.83 

HV2_126A 33 39 51 2.21 13.07 

HV_50A  39 44 55 1.92 14.82 

HV_50B  40 46 56 1.98 14.98 

HV_23B  39 44 53 1.97 13.99 

HV_23A  41 46 57 2.04 14.63 
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PlotID Int.P80 Int.P90 Int.P99 Int.kurtosis Int.stddev 

HV_43A  40 45 55 1.89 14.89 

HV_44A  42 47 56 1.94 15.26 

HV_44B  40 45 57 2.03 14.87 

HV_45B  38 43 53 1.96 13.90 

HV_45A  35 40 50 2.00 13.30 

HV2_103A 30 35 47 2.26 11.75 

HV2_103B 37 42 53 2.00 13.91 

HV2_110B 35 40 50 2.00 13.21 

HV2_110A 36 41 50 1.96 13.31 

HV_51B  42 47 57 1.87 15.24 

HV_51A  34 39 50 2.00 13.05 

HV_80B  34 39 51 1.99 13.52 

HV_80A  35 41 53 2.03 14.02 

HV2_148A 36 41 50 2.05 12.84 

HV2_148B 34 40 51 2.11 13.27 

HV_47B  36 41 51 1.85 13.82 

HV_47A  35 40 50 1.96 13.34 

HV_01B  40 44 53 1.99 14.17 

HV_01A  43 47 57 1.91 15.53 

HV_24B  36 41 51 2.10 13.08 

HV_24A  40 45 55 1.91 14.98 

HV_72B  36 40 49 1.93 13.31 

HV_72A  34 39 49 1.91 13.02 

HV2_106A 41 46 58 1.94 15.35 

HV2_106B 38 44 55 2.02 14.65 

HV_53A  41 47 59 1.91 15.87 

HV_53B  42 47 56 1.79 15.73 

HV_12B  35 40 50 2.00 13.11 

HV_12A  44 50 59 1.97 15.71 

HV_78A  37 42 53 1.96 14.47 

HV_08B  38 43 54 1.86 14.81 

HV_79A  36 42 52 1.90 14.19 

HV_79B  37 43 55 2.07 14.81 

HV_49A  39 45 56 2.06 14.47 

HV_49B  33 39 52 2.28 12.95 

HV_48A  38 43 53 1.84 14.49 

HV_48B  34 39 48 1.96 12.70 

HV_35B  37 42 52 1.88 14.23 

HV_35A  39 43 52 2.07 13.69 

HV_16B  36 41 50 1.93 13.60 

HV_16A  35 40 52 2.05 13.75 

HV_56B  47 52 64 2.11 16.19 

HV_56A  41 46 57 1.99 14.97 

HV_37B  37 42 52 1.95 13.73 

HV_37A  41 47 59 2.02 15.38 
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PlotID Int.P80 Int.P90 Int.P99 Int.kurtosis Int.stddev 

HV2_125B 30 36 49 2.48 12.40 

HV2_125A 32 37 49 2.21 12.49 

HV2_143A 32 39 54 2.50 13.39 

HV2_143B 41 46 57 2.11 14.56 

HV_39A  36 41 49 1.84 13.61 

HV_20B  37 43 54 1.97 14.47 

HV_20A  34 39 52 2.14 13.25 

HV_10B  46 51 59 2.24 15.21 

HV_10A  39 44 54 1.99 14.32 

HV_58B  41 46 58 2.01 14.88 

HV_26B  30 36 46 2.11 11.93 

HV_26A  40 44 53 1.81 14.71 

HV_40A  42 47 56 2.00 15.03 

HV_40B  39 44 54 1.91 14.47 

HV2_144A 31 37 49 2.35 12.57 

HV2_144B 29 35 46 2.32 11.64 

HV2_145A 33 38 50 2.19 12.80 

HV2_145B 34 40 52 2.18 13.63 

HV_05A  33 39 51 2.23 12.87 

HV_05B  39 43 54 1.91 14.43 

HV_41A  47 52 61 2.02 16.43 

HV_41B  42 48 59 1.82 16.20 

HV2_146B 31 36 48 2.25 11.96 

HV2_146A 33 38 50 2.23 12.47 

HV_73A  32 37 48 2.07 12.41 

HV_73B  30 36 47 2.19 11.95 

HV_76B  44 50 61 1.90 16.39 

HV_76A  44 49 60 1.92 16.22 

HV_19A  42 47 56 1.79 15.63 

HV_19B  41 46 55 1.74 15.73 

HV_42A  41 45 54 1.90 14.72 

HV_42B  39 44 54 1.87 14.69 

HV2_153A 26 31 44 2.52 10.70 

HV2_153B 31 37 48 2.24 12.42 

HV_60B  38 42 51 1.90 13.87 

HV_60A  41 46 55 1.91 15.02 

HV_62B  42 46 55 1.91 15.10 

HV_62A  42 47 55 1.83 15.46 

HV_27B  37 42 53 1.92 14.16 

HV_27A  39 43 52 2.17 13.07 

HV_78B  39 44 55 1.92 14.74 

HV_61B  30 35 46 2.20 11.96 

HV_61A  32 37 48 2.11 12.55 
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PlotID Wv_Jul_B2_mean Wv_Jul_B3_mean Wv_Jul_B5_mean Wv_Jul_B6_cv 

HV2_111B 0.093 0.077 0.043 0.257 

HV2_118A 0.092 0.074 0.042 0.231 

HV2_118B 0.092 0.075 0.042 0.223 

HV2_126B 0.091 0.071 0.044 0.394 

HV2_126A 0.09 0.072 0.043 0.364 

HV_50A 0.091 0.075 0.043 0.274 

HV_50B 0.09 0.076 0.044 0.288 

HV_23B 0.091 0.076 0.042 0.239 

HV_23A 0.091 0.077 0.042 0.22 

HV_43A 0.093 0.075 0.043 0.271 

HV_44A 0.091 0.073 0.041 0.325 

HV_44B 0.091 0.073 0.041 0.37 

HV_45B 0.093 0.074 0.041 0.309 

HV_45A 0.094 0.079 0.044 0.24 

HV2_103A 0.093 0.074 0.042 0.315 

HV2_103B 0.092 0.073 0.041 0.349 

HV2_110B 0.091 0.073 0.041 0.311 

HV2_110A 0.092 0.074 0.042 0.31 

HV_51B 0.091 0.075 0.043 0.318 

HV_51A 0.091 0.076 0.045 0.273 

HV_80B 0.093 0.076 0.044 0.19 

HV_80A 0.093 0.077 0.043 0.219 

HV2_148A 0.091 0.078 0.043 0.225 

HV2_148B 0.09 0.076 0.042 0.275 

HV_47B 0.094 0.078 0.043 0.269 

HV_47A 0.093 0.077 0.043 0.261 

HV_01B 0.092 0.075 0.043 0.273 

HV_01A 0.091 0.073 0.042 0.273 

HV_24B 0.094 0.072 0.042 0.374 

HV_24A 0.094 0.074 0.041 0.297 

HV_72B 0.091 0.074 0.043 0.287 

HV_72A 0.091 0.074 0.043 0.306 

HV2_106A 0.092 0.074 0.042 0.256 

HV2_106B 0.092 0.074 0.043 0.249 

HV_53A 0.093 0.076 0.043 0.24 

HV_53B 0.092 0.073 0.044 0.27 

HV_12B 0.093 0.072 0.04 0.327 

HV_12A 0.094 0.072 0.041 0.302 

HV_78A 0.09 0.074 0.041 0.206 

HV_08B 0.092 0.075 0.042 0.23 

HV_79A 0.091 0.078 0.042 0.205 

HV_79B 0.091 0.075 0.041 0.228 

HV_49A 0.093 0.074 0.042 0.332 

HV_49B 0.094 0.073 0.041 0.364 

HV_48A 0.092 0.074 0.042 0.257 
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PlotID Wv_Jul_B2_mean Wv_Jul_B3_mean Wv_Jul_B5_mean Wv_Jul_B6_cv 

HV_48B 0.092 0.076 0.044 0.288 

HV_35B 0.093 0.076 0.043 0.222 

HV_35A 0.093 0.074 0.042 0.184 

HV_16B 0.092 0.078 0.044 0.215 

HV_16A 0.091 0.073 0.041 0.27 

HV_56B 0.093 0.073 0.04 0.292 

HV_56A 0.095 0.075 0.044 0.312 

HV_37B 0.093 0.075 0.041 0.263 

HV_37A 0.093 0.072 0.04 0.305 

HV2_125B 0.092 0.073 0.042 0.336 

HV2_125A 0.092 0.071 0.041 0.38 

HV2_143A 0.089 0.074 0.043 0.314 

HV2_143B 0.092 0.079 0.051 0.298 

HV_39A 0.093 0.077 0.042 0.32 

HV_20B 0.093 0.081 0.044 0.232 

HV_20A 0.09 0.073 0.042 0.264 

HV_10B 0.09 0.073 0.04 0.208 

HV_10A 0.09 0.072 0.04 0.216 

HV_58B 0.093 0.076 0.042 0.238 

HV_26B 0.092 0.078 0.044 0.247 

HV_26A 0.092 0.077 0.044 0.22 

HV_40A 0.092 0.074 0.043 0.193 

HV_40B 0.092 0.072 0.042 0.244 

HV2_144A 0.089 0.073 0.043 0.315 

HV2_144B 0.09 0.075 0.044 0.317 

HV2_145A 0.09 0.075 0.042 0.248 

HV2_145B 0.09 0.075 0.042 0.21 

HV_05A 0.091 0.078 0.042 0.226 

HV_05B 0.092 0.079 0.045 0.206 

HV_41A 0.091 0.074 0.04 0.282 

HV_41B 0.091 0.073 0.04 0.291 

HV2_146B 0.09 0.076 0.043 0.284 

HV2_146A 0.09 0.075 0.043 0.298 

HV_73A 0.092 0.076 0.042 0.228 

HV_73B 0.092 0.077 0.042 0.246 

HV_76B 0.091 0.077 0.041 0.211 

HV_76A 0.091 0.075 0.041 0.223 

HV_19A 0.092 0.075 0.044 0.24 

HV_19B 0.093 0.076 0.046 0.21 

HV_42A 0.091 0.072 0.04 0.34 

HV_42B 0.091 0.075 0.042 0.3 

HV2_153A 0.093 0.073 0.042 0.352 

HV2_153B 0.093 0.073 0.041 0.345 

HV_60B 0.093 0.078 0.044 0.187 

HV_60A 0.092 0.074 0.042 0.234 
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PlotID Wv_Jul_B2_mean Wv_Jul_B3_mean Wv_Jul_B5_mean Wv_Jul_B6_cv 

HV_62B 0.092 0.076 0.043 0.302 

HV_62A 0.092 0.075 0.042 0.349 

HV_27B 0.093 0.076 0.043 0.214 

HV_27A 0.093 0.076 0.043 0.219 

HV_78B 0.09 0.075 0.042 0.186 

HV_61A 0.091 0.076 0.041 0.235 

 

PlotID Wv_Jul_B8_mean Wv_Nov_B1_mean Wv_Nov_B1_cv Wv_Nov_B5_mean 

HV2_111B 0.252 0.16 0.021 0.059 

HV2_118A 0.259 0.162 0.021 0.063 

HV2_118B 0.247 0.161 0.02 0.061 

HV2_126B 0.151 0.159 0.02 0.06 

HV2_126A 0.215 0.161 0.027 0.065 

HV_50A 0.286 0.168 0.024 0.081 

HV_50B 0.24 0.165 0.017 0.063 

HV_23B 0.28 0.158 0.028 0.059 

HV_23A 0.314 0.159 0.026 0.06 

HV_43A 0.288 0.169 0.019 0.075 

HV_44A 0.257 0.161 0.018 0.062 

HV_44B 0.22 0.161 0.023 0.063 

HV_45B 0.28 0.16 0.022 0.061 

HV_45A 0.257 0.162 0.023 0.068 

HV2_103A 0.207 0.159 0.022 0.061 

HV2_103B 0.229 0.156 0.02 0.051 

HV2_110B 0.222 0.159 0.022 0.06 

HV2_110A 0.225 0.157 0.02 0.053 

HV_51B 0.252 0.166 0.022 0.066 

HV_51A 0.232 0.165 0.021 0.063 

HV_80B 0.294 0.169 0.018 0.078 

HV_80A 0.326 0.172 0.017 0.098 

HV2_148A 0.301 0.159 0.026 0.061 

HV2_148B 0.281 0.16 0.029 0.063 

HV_47B 0.278 0.163 0.02 0.066 

HV_47A 0.263 0.163 0.02 0.071 

HV_01B 0.26 0.161 0.019 0.064 

HV_01A 0.288 0.162 0.02 0.065 

HV_24B 0.24 0.159 0.022 0.06 

HV_24A 0.294 0.16 0.019 0.062 

HV_72B 0.258 0.166 0.021 0.068 

HV_72A 0.252 0.165 0.025 0.067 

HV2_106A 0.251 0.16 0.025 0.062 

HV2_106B 0.273 0.162 0.028 0.068 

HV_53A 0.314 0.165 0.025 0.077 
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PlotID Wv_Jul_B8_mean Wv_Nov_B1_mean Wv_Nov_B1_cv Wv_Nov_B5_mean 

HV_53B 0.325 0.167 0.021 0.092 

HV_12B 0.255 0.16 0.025 0.065 

HV_12A 0.303 0.161 0.024 0.068 

HV_78A 0.313 0.164 0.02 0.078 

HV_08B 0.329 0.174 0.015 0.094 

HV_79A 0.333 0.17 0.013 0.109 

HV_79B 0.325 0.171 0.023 0.1 

HV_49A 0.243 0.159 0.021 0.061 

HV_49B 0.243 0.159 0.029 0.059 

HV_48A 0.336 0.176 0.015 0.108 

HV_48B 0.27 0.172 0.018 0.081 

HV_35B 0.31 0.17 0.019 0.079 

HV_35A 0.341 0.172 0.017 0.083 

HV_16B 0.317 0.174 0.018 0.089 

HV_16A 0.272 0.17 0.021 0.071 

HV_56B 0.339 0.164 0.024 0.088 

HV_56A 0.26 0.162 0.032 0.072 

HV_37B 0.301 0.161 0.024 0.067 

HV_37A 0.276 0.162 0.027 0.073 

HV2_125B 0.193 0.159 0.02 0.06 

HV2_125A 0.156 0.157 0.02 0.053 

HV2_143A 0.236 0.164 0.03 0.067 

HV2_143B 0.229 0.165 0.025 0.073 

HV_39A 0.32 0.17 0.026 0.101 

HV_20B 0.328 0.171 0.018 0.094 

HV_20A 0.259 0.166 0.022 0.071 

HV_10B 0.337 0.161 0.02 0.069 

HV_10A 0.307 0.162 0.027 0.069 

HV_58B 0.335 0.162 0.027 0.076 

HV_26B 0.284 0.17 0.02 0.077 

HV_26A 0.345 0.176 0.015 0.099 

HV_40A 0.354 0.176 0.018 0.103 

HV_40B 0.313 0.172 0.017 0.081 

HV2_144A 0.244 0.166 0.024 0.069 

HV2_144B 0.227 0.164 0.021 0.064 

HV2_145A 0.255 0.161 0.026 0.062 

HV2_145B 0.307 0.164 0.024 0.074 

HV_05A 0.287 0.165 0.021 0.071 

HV_05B 0.308 0.169 0.021 0.096 

HV_41A 0.328 0.166 0.023 0.089 

HV_41B 0.319 0.165 0.021 0.088 

HV2_146B 0.228 0.16 0.027 0.062 

HV2_146A 0.235 0.158 0.024 0.061 
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PlotID Wv_Jul_B8_mean Wv_Nov_B1_mean Wv_Nov_B1_cv Wv_Nov_B5_mean 

HV_73A 0.269 0.165 0.021 0.065 

HV_73B 0.257 0.163 0.021 0.061 

HV_76B 0.362 0.167 0.016 0.096 

HV_76A 0.347 0.165 0.019 0.083 

HV_19A 0.34 0.173 0.014 0.094 

HV_19B 0.347 0.172 0.017 0.101 

HV_42A 0.259 0.161 0.022 0.063 

HV_42B 0.305 0.163 0.017 0.068 

HV2_153A 0.201 0.161 0.028 0.065 

HV2_153B 0.196 0.159 0.027 0.058 

HV_60B 0.29 0.162 0.017 0.063 

HV_60A 0.301 0.162 0.019 0.062 

HV_62B 0.323 0.169 0.019 0.106 

HV_62A 0.309 0.167 0.022 0.089 

HV_27B 0.315 0.166 0.023 0.076 

HV_27A 0.331 0.165 0.024 0.069 

HV_78B 0.332 0.165 0.017 0.093 

HV_61B 0.26 0.162 0.022 0.063 

HV_61A 0.296 0.163 0.024 0.069 

 

 

PlotID Wv_Nov_B6_mean Wv_Nov_B8_cv S2A_Aug_B3_cv S2A_Aug_B7_mean 

HV2_111B 0.121 0.48 0.181 0.302 

HV2_118A 0.114 0.39 0.141 0.291 

HV2_118B 0.125 0.44 0.111 0.295 

HV2_126B 0.142 0.36 0.171 0.21 

HV2_126A 0.115 0.33 0.188 0.288 

HV_50A 0.11 0.44 0.272 0.266 

HV_50B 0.115 0.44 0.184 0.275 

HV_23B 0.121 0.36 0.089 0.352 

HV_23A 0.095 0.32 0.118 0.357 

HV_43A 0.122 0.39 0.155 0.335 

HV_44A 0.11 0.43 0.124 0.329 

HV_44B 0.107 0.43 0.162 0.283 

HV_45B 0.084 0.41 0.173 0.347 

HV_45A 0.118 0.31 0.081 0.365 

HV2_103A 0.158 0.39 0.109 0.271 

HV2_103B 0.112 0.43 0.131 0.263 

HV2_110B 0.101 0.41 0.107 0.315 

HV2_110A 0.086 0.48 0.181 0.295 

HV_51B 0.097 0.38 0.160 0.326 

HV_51A 0.115 0.42 0.112 0.297 

HV_80B 0.124 0.27 0.117 0.383 
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PlotID Wv_Nov_B6_mean Wv_Nov_B8_cv S2A_Aug_B3_cv S2A_Aug_B7_mean 

HV_80A 0.133 0.20 0.144 0.393 

HV2_148A 0.124 0.35 0.125 0.36 

HV2_148B 0.112 0.35 0.182 0.37 

HV_47B 0.12 0.35 0.136 0.343 

HV_47A 0.107 0.26 0.093 0.377 

HV_01B 0.144 0.40 0.082 0.322 

HV_01A 0.112 0.48 0.105 0.304 

HV_24B 0.109 0.50 0.158 0.303 

HV_24A 0.102 0.44 0.151 0.344 

HV_72B 0.117 0.47 0.274 0.3 

HV_72A 0.113 0.43 0.210 0.301 

HV2_106A 0.127 0.41 0.188 0.311 

HV2_106B 0.126 0.36 0.180 0.341 

HV_53A 0.134 0.40 0.131 0.371 

HV_53B 0.119 0.17 0.138 0.387 

HV_12B 0.115 0.44 0.163 0.329 

HV_12A 0.093 0.33 0.136 0.305 

HV_78A 0.114 0.26 0.151 0.363 

HV_08B 0.12 0.15 0.124 0.347 

HV_79A 0.141 0.13 0.141 0.358 

HV_79B 0.137 0.19 0.154 0.414 

HV_49A 0.11 0.37 0.164 0.314 

HV_49B 0.096 0.37 0.234 0.318 

HV_48A 0.143 0.19 0.215 0.428 

HV_48B 0.133 0.31 0.227 0.372 

HV_35B 0.121 0.35 0.173 0.383 

HV_35A 0.113 0.33 0.128 0.436 

HV_16B 0.134 0.25 0.143 0.424 

HV_16A 0.092 0.25 0.207 0.321 

HV_56B 0.116 0.26 0.125 0.368 

HV_56A 0.095 0.43 0.150 0.328 

HV_37B 0.108 0.28 0.145 0.373 

HV_37A 0.108 0.36 0.101 0.347 

HV2_125B 0.128 0.31 0.108 0.25 

HV2_125A 0.095 0.49 0.181 0.207 

HV2_143A 0.108 0.30 0.149 0.29 

HV2_143B 0.127 0.32 0.267 0.29 

HV_39A 0.14 0.29 0.180 0.394 

HV_20B 0.125 0.16 0.126 0.363 

HV_20A 0.122 0.40 0.131 0.303 

HV_10B 0.088 0.21 0.136 0.365 

HV_10A 0.09 0.19 0.135 0.381 

HV_58B 0.113 0.34 0.130 0.398 

HV_26B 0.147 0.33 0.142 0.386 

HV_26A 0.128 0.15 0.079 0.449 
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PlotID Wv_Nov_B6_mean Wv_Nov_B8_cv S2A_Aug_B3_cv S2A_Aug_B7_mean 

HV_40A 0.13 0.17 0.126 0.441 

HV_40B 0.1 0.17 0.174 0.389 

HV2_144A 0.111 0.27 0.194 0.332 

HV2_144B 0.116 0.29 0.131 0.309 

HV2_145A 0.115 0.25 0.129 0.351 

HV2_145B 0.109 0.20 0.126 0.394 

HV_05A 0.106 0.29 0.116 0.359 

HV_05B 0.143 0.24 0.127 0.356 

HV_41A 0.106 0.25 0.131 0.329 

HV_41B 0.107 0.24 0.091 0.334 

HV2_146B 0.118 0.32 0.091 0.3 

HV2_146A 0.134 0.29 0.096 0.318 

HV_73A 0.109 0.33 0.107 0.333 

HV_73B 0.102 0.30 0.142 0.304 

HV_76B 0.118 0.13 0.105 0.378 

HV_76A 0.105 0.27 0.160 0.347 

HV_19A 0.11 0.14 0.136 0.331 

HV_19B 0.128 0.21 0.116 0.42 

HV_42A 0.087 0.38 0.113 0.339 

HV_42B 0.079 0.21 0.139 0.317 

HV2_153A 0.105 0.28 0.149 0.249 

HV2_153B 0.1 0.38 0.097 0.258 

HV_60B 0.124 0.45 0.126 0.376 

HV_60A 0.095 0.39 0.179 0.382 

HV_62B 0.135 0.20 0.095 0.4 

HV_62A 0.114 0.20 0.143 0.377 

HV_27B 0.112 0.30 0.098 0.399 

HV_27A 0.103 0.35 0.179 0.418 

HV_78B 0.122 0.19 0.142 0.367 

HV_61B 0.117 0.28 0.085 0.327 

HV_61A 0.121 0.32 0.171 0.381 

 

PlotID Wv_Nov_B6_mean Wv_Nov_B8_cv S2A_Aug_B3_cv S2A_Aug_B7_mean 

HV2_111B 0.121 0.48 0.181 0.302 

HV2_118A 0.114 0.39 0.141 0.291 

HV2_118B 0.125 0.44 0.111 0.295 

HV2_126B 0.142 0.36 0.171 0.21 

HV2_126A 0.115 0.33 0.188 0.288 

HV_50A 0.11 0.44 0.272 0.266 

HV_50B 0.115 0.44 0.184 0.275 

HV_23B 0.121 0.36 0.089 0.352 

HV_23A 0.095 0.32 0.118 0.357 

HV_43A 0.122 0.39 0.155 0.335 

HV_44A 0.11 0.43 0.124 0.329 
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PlotID Wv_Nov_B6_mean Wv_Nov_B8_cv S2A_Aug_B3_cv S2A_Aug_B7_mean 

HV_44B 0.107 0.43 0.162 0.283 

HV_45B 0.084 0.41 0.173 0.347 

HV_45A 0.118 0.31 0.081 0.365 

HV2_103A 0.158 0.39 0.109 0.271 

HV2_103B 0.112 0.43 0.131 0.263 

HV2_110B 0.101 0.41 0.107 0.315 

HV2_110A 0.086 0.48 0.181 0.295 

HV_51B 0.097 0.38 0.160 0.326 

HV_51A 0.115 0.42 0.112 0.297 

HV_80B 0.124 0.27 0.117 0.383 

HV_80A 0.133 0.20 0.144 0.393 

HV2_148A 0.124 0.35 0.125 0.36 

HV2_148B 0.112 0.35 0.182 0.37 

HV_47B 0.12 0.35 0.136 0.343 

HV_47A 0.107 0.26 0.093 0.377 

HV_01B 0.144 0.40 0.082 0.322 

HV_01A 0.112 0.48 0.105 0.304 

HV_24B 0.109 0.50 0.158 0.303 

HV_24A 0.102 0.44 0.151 0.344 

HV_72B 0.117 0.47 0.274 0.3 

HV_72A 0.113 0.43 0.210 0.301 

HV2_106A 0.127 0.41 0.188 0.311 

HV2_106B 0.126 0.36 0.180 0.341 

HV_53A 0.134 0.40 0.131 0.371 

HV_53B 0.119 0.17 0.138 0.387 

HV_12B 0.115 0.44 0.163 0.329 

HV_12A 0.093 0.33 0.136 0.305 

HV_78A 0.114 0.26 0.151 0.363 

HV_08B 0.12 0.15 0.124 0.347 

HV_79A 0.141 0.13 0.141 0.358 

HV_79B 0.137 0.19 0.154 0.414 

HV_49A 0.11 0.37 0.164 0.314 

HV_49B 0.096 0.37 0.234 0.318 

HV_48A 0.143 0.19 0.215 0.428 

HV_48B 0.133 0.31 0.227 0.372 

HV_35B 0.121 0.35 0.173 0.383 

HV_35A 0.113 0.33 0.128 0.436 

HV_16B 0.134 0.25 0.143 0.424 

HV_16A 0.092 0.25 0.207 0.321 

HV_56B 0.116 0.26 0.125 0.368 

HV_56A 0.095 0.43 0.150 0.328 

HV_37B 0.108 0.28 0.145 0.373 

HV_37A 0.108 0.36 0.101 0.347 

HV2_125B 0.128 0.31 0.108 0.25 

HV2_125A 0.095 0.49 0.181 0.207 
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PlotID Wv_Nov_B6_mean Wv_Nov_B8_cv S2A_Aug_B3_cv S2A_Aug_B7_mean 

HV2_143A 0.108 0.30 0.149 0.29 

HV2_143B 0.127 0.32 0.267 0.29 

HV_39A 0.14 0.29 0.180 0.394 

HV_20B 0.125 0.16 0.126 0.363 

HV_20A 0.122 0.40 0.131 0.303 

HV_10B 0.088 0.21 0.136 0.365 

HV_10A 0.09 0.19 0.135 0.381 

HV_58B 0.113 0.34 0.130 0.398 

HV_26B 0.147 0.33 0.142 0.386 

HV_26A 0.128 0.15 0.079 0.449 

HV_40A 0.13 0.17 0.126 0.441 

HV_40B 0.1 0.17 0.174 0.389 

HV2_144A 0.111 0.27 0.194 0.332 

HV2_144B 0.116 0.29 0.131 0.309 

HV2_145A 0.115 0.25 0.129 0.351 

HV2_145B 0.109 0.20 0.126 0.394 

HV_05A 0.106 0.29 0.116 0.359 

HV_05B 0.143 0.24 0.127 0.356 

HV_41A 0.106 0.25 0.131 0.329 

HV_41B 0.107 0.24 0.091 0.334 

HV2_146B 0.118 0.32 0.091 0.3 

HV2_146A 0.134 0.29 0.096 0.318 

HV_73A 0.109 0.33 0.107 0.333 

HV_73B 0.102 0.30 0.142 0.304 

HV_76B 0.118 0.13 0.105 0.378 

HV_76A 0.105 0.27 0.160 0.347 

HV_19A 0.11 0.14 0.136 0.331 

HV_19B 0.128 0.21 0.116 0.42 

HV_42A 0.087 0.38 0.113 0.339 

HV_42B 0.079 0.21 0.139 0.317 

HV2_153A 0.105 0.28 0.149 0.249 

HV2_153B 0.1 0.38 0.097 0.258 

HV_60B 0.124 0.45 0.126 0.376 

HV_60A 0.095 0.39 0.179 0.382 

HV_62B 0.135 0.20 0.095 0.4 

HV_62A 0.114 0.20 0.143 0.377 

HV_27B 0.112 0.30 0.098 0.399 

HV_27A 0.103 0.35 0.179 0.418 

HV_78B 0.122 0.19 0.142 0.367 

HV_61B 0.117 0.28 0.085 0.327 

HV_61A 0.121 0.32 0.171 0.381 

 

 


