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Abstract 

Leaf Area Index (LAI) is an important input variable for forest ecosystem modeling as it 

is a factor in predicting productivity and biomass, two key aspects of forest health. Current in 

situ methods of determining LAI are sometimes destructive and generally very time consuming. 

Other LAI derivation methods, mainly satellite-based in nature, do not provide sufficient spatial 

resolution or the precision required by forest managers. This thesis focused on estimating LAI 

from: i) height and density metrics derived from Light Detection and Ranging (LiDAR); ii) 

spectral vegetation indices (SVIs), in particular the Normalized Difference Vegetation Index 

(NDVI); and iii) a combination of these two remote sensing technologies. 

In situ measurements of LAI were calculated from digital hemispherical photographs 

(DHPs) and remotely sensed variables were derived from low density LiDAR and high 

resolution WorldView-2 data. Multiple Linear Regression (MLR) models were created using 

these variables, allowing forest-wide prediction surfaces to be created. Results from these 

analyses demonstrated: i) moderate explanatory power (i.e., R
2
 = 0.54) for LiDAR models 

incorporating metrics that have proven to be related to canopy structure; ii) no relationship when 

using SVIs; and iii) no significant improvement of LiDAR models when combining them with 

SVI variables.  

The results suggest that LiDAR models in boreal forest environments provide satisfactory 

estimations of LAI, even with low ranges of LAI for model calibration. On the other hand, it was 

anticipated that traditional SVI relationships to LAI would be present with WorldView-2 data, a 

result that is not easily explained. Models derived from low point density LiDAR in a 

mixedwood boreal environment seem to offer a reliable method of estimating LAI at a high 

spatial resolution for decision makers in the forestry community.  
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Chapter 1 - Introduction 

1.1  Background 

The boreal forest of Canada covers over 300 million hectares, stretching in a band more 

than 1000 km wide from the Atlantic to Pacific coasts (Brandt 2009). Ontario alone is covered 

by more than 71 million hectares of forest, resulting in almost two-thirds of the land base being 

forested, over half of which is in the Boreal region (Ontario Ministry of Natural Resources 

2006). As one of the dominant features of this country’s landscape, the careful monitoring, 

management and protection of the boreal forest is crucial for sustaining balance in this 

ecosystem. The vast extent requires cooperation between dozens of groups, including federal, 

provincial and territorial governments, commercial foresters and conservationists. Federal 

government agencies concerned with commercial longevity and sustainability of forests cite key 

objectives such as enhancing adaptive capacity, conserving genetic diversity and maintaining 

species productivity for reducing forest vulnerability (Johnston et al. 2009). The most recent 

Provincial Policy Statement on Natural Heritage lists the major benefits of woodland to be 

erosion prevention, nutrient cycling, carbon sequestration, wildlife habitat, recreational 

opportunities and sustainable harvest of woodland products  (Ontario Ministry of Natural 

Resources 2005). These benefits encompass many issues from ecological to industrial, and 

include public use. The provincial Crown Forest Sustainability Act states that industry is 

required to “...manage Crown forests to meet social, economic and environmental needs of 

present and future generations” (Government of Ontario 1994). 

In order to monitor vegetation health and sustainability at strategic and tactical scales it is 

important to properly select vegetation metrics that are robust and easy to measure. The State of 

the Forest Report (Ontario Ministry of Natural Resources 2006) lists several key indicators of 
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forest sustainability, ranging from ecosystem diversity to nutrient cycling. Another indicator that 

is listed in the overarching criterion in this report is primary productivity.  Net primary 

productivity (NPP), the rate at which an ecosystem accumulates biomass, is a good long term 

gauge of ecosystem health due to its reliance on a combination of basic ecosystem drivers: water, 

nutrient availability and sunlight (Polis 1999). Tracking NPP over time can provide managers 

with a relative estimate of forest health and long term growth. 

 When attempting to monitor large tracts of forest it is logical to employ techniques that 

allow for wide spatial coverage, i.e., remote sensing. Remote sensing can be categorized into two 

categories: active and passive. Passive sensors, similar to the modern camera, record radiation 

that is emitted or reflected from another source. Active sensors emit their own sources of 

illumination onto the surface of interest and record the reflection. Both sensor types function at 

discreet wavelengths of the electromagnetic spectrum, but systems designed for different 

applications may vary dramatically in the location and number of wavebands recorded. The area 

of investigation and type of coverage required often determines the sensor/platform selection. 

Small-scale projects (e.g., <50 km
2
) typically utilize airborne sensors which pass closer to the 

earth’s surface and provide higher spatial resolution and logistical control at the expense of areal 

coverage. Projects requiring large areal coverage (e.g., >20,000 km
2
) normally employ satellite-

borne sensors at varying imaging scales/resolutions which allow for different acquisition 

characteristics (e.g., geostationary, sun synchronous). Projects at intermediate scales can employ 

either airborne or satellite platforms, depending on which sensor characteristics best suit the 

problem under investigation.  

When focusing on the need to monitor forest health for commercial or conservation 

applications, we are interested in assessing and monitoring primary productivity or biomass over 
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large areas. Leaf Area Index (LAI), a key input to productivity models, can be estimated using a 

variety of remote sensing techniques (e.g., Deblonde et al. 1994, Leblanc et al. 2005, 

Abuelgasim et al. 2006). The focus of this research is on the ability of passive (i.e., high 

resolution multispectral satellite data) and active (i.e., Light Detection and Ranging (LiDAR)) 

sensors to estimate LAI. The results of this research will provide insight into the accuracy and 

precision of these two remote sensing data types for estimating LAI over large tracts of boreal 

forest in Ontario as well as the utility of each for providing suitable inputs to productivity 

models. 

1.2  Rationale 

Currently, when planning commercial harvests of forests in Ontario, the Forest Resource 

Inventory (FRI) for Ontario is examined (Ontario Ministry of Natural Resources 2010). These 

polygon-based inventories, generated using a combination of expert photo interpretation and 

field sampling, are compiled over a number of years; a complete inventory is updated on a 10 

year cycle. Although these inventories are meant to serve in a strategic capacity, they are 

increasingly being employed for tactical forest operations. These FRIs provide forest stand area 

dimensions, composition and other pertinent variables for forest planners. This process is very 

time and labour intensive, and only provides coarse estimates of many key variables like species 

composition, tree height, site quality and ecosite. New and different methods of generating 

enhanced FRIs (eFRIs) can employ remote sensing tools like LiDAR to generate much more 

accurate estimates of standard FRI outputs over larger areas in a fraction of the time (e.g., 

Reutebuch et al. 2005, Woods et al. 2008, Woods et al. 2011). In addition to these standard 

variables, LiDAR can be utilized to model other variables such as biomass, diameter distribution 

and LAI. 



4 

 

LAI has been used in many studies to derive, or correlate to, primary productivity or 

biomass (e.g., Leverenz and Hinckley 1990, McWilliam et al. 1993, Friedl et al. 1994). Current 

productivity and biomass estimates from provincial government organizations use only growth 

estimate statistics and intensive ground sampling to derive biomass estimates from models 

(Ontario Ministry of Natural Resources 2006). Allometric measurements (i.e., using known 

relationships between parts of an organism and its whole) of tree height or diameter at breast 

height (DBH) rely on statistical distributions derived from prior destructive sampling. This 

technique is one of the fastest in situ methods of providing forest mensuration data like biomass, 

but has problems relating to phenology and variation in environmental conditions from the 

original curve-defining measurements (Verwijst and Telenius 1999). 

LiDAR LAI models have the potential to provide fast, repeat assessments of a forest, 

returning variables that could provide accurate estimations of biomass and productivity. Studies 

have been carried out around the world that assess LAI using LiDAR (e.g., Riaño et al. 2004, 

Morsdorf et al. 2006, Jensen et al. 2008). Building on those studies, this research will examine 

techniques for a Canadian boreal mixedwood setting using relatively low point density LiDAR, a 

requirement for cost effective, large area forest resource inventories.  

The other aspect of this research, i.e., examining spectral vegetation indices (SVI) and 

their correlations to LAI, has been well documented, but primarily for lower resolution satellite 

sensors like Landsat and MODIS (e.g., Chen and Cihlar 1996, Wang et al. 2005, Yang et al. 

2006). Here, we will examine high spatial resolution satellite imagery (i.e., WorldView-2) to 

determine the relationship of SVIs to plot level estimates of LAI. These relationships can then be 

compared to estimates modelled from LiDAR data. Forest managers are eager to have the ability 

to create products such as these at greater spatial and temporal resolutions. 



5 

 

1.3  Research Question 

 It is hypothesized that there will be a statistically significant relationship between in situ 

measurements of LAI and low point density LiDAR data or high resolution Normalized 

Difference Vegetation Index (NDVI) data. Models of LAI combining these two data sources will 

also be examined to determine the utility of spectral and structural information for modelling 

LAI.  

1.4  Research Objectives  

To address the potential of LiDAR and WorldView-2 data for modeling LAI, the following 

objectives are addressed: 

1. select forest plots in the Hearst Forest that are representative of a wide range of species 

and cover distributions for in situ LAI measurements;  

2. capture and evaluate plot-level LAI using in situ, indirect methods for comparison to 

multiple remote sensing variables; 

3. evaluate the accuracy of LAI surfaces generated by: i) active remote sensors (i.e., 

LiDAR; ii) passive remote sensors (i.e., WorldView-2); and iii) a combination of the two 

(i.e., LiDAR and WorldView-2) at distinguishing LAI variability; and 

4. employ linear regression to model LAI over larger areas within the study region. 

1.5  Thesis Outline 

Chapter 1 has provided a brief introduction to the area of investigation of this thesis. 

Chapter 2 provides a review of current literature pertaining to remote sensing using LiDAR and 

high spatial resolution satellite sensors, LAI, gap fraction and vegetation indices, and their 

respective applications for forestry. Chapter 3 provides a description of the vegetation at the 
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study site (i.e., Hearst, Ontario, Canada) as well as the methodologies for: i) field and remote 

sensing data acquisition; ii) field data processing; iii) remote sensing data processing; and iv) 

statistical analysis. Results and discussion of these analyses are presented in Chapter 4, with 

conclusions and recommendations for further work presented in Chapter 5. 
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Chapter 2 - High Resolution Remote Sensing of Leaf Area Index for Forestry 

2.1  Introduction 

Remote sensing of natural phenomena is a heavily researched science. The techniques 

used allow for the detection, measurement and modeling of features on the Earth’s surface non-

destructively from the ground, air or space. With the repeating orbital interval of many satellite 

sensors, large tracts of the Earth’s surface can be observed with high temporal resolution, 

necessary for many change detection studies. Meanwhile, airborne sensors can give higher levels 

of control in capturing the study site and provide the potential for even higher spatial resolution. 

Remote sensing is starting to become ubiquitous in land cover studies, promising inexpensive, 

repeatable results highly correlated to field-based measurements. The new influx of high 

resolution sensors (e.g., QuickBird, WorldView-2, ADS80, CASI) and sensing techniques (e.g., 

LiDAR, automatic photogrammetric point matching) also adds potential advantages and 

challenges to existing remote sensing practices. 

One global land cover class that is routinely measured remotely is terrestrial vegetation, 

covering approximately 40% of the Earth’s surface, often in large, inaccessible tracts. This 

vegetation relates significantly to many facets of modern life, from product manufacturing to 

climate change, so strategic monitoring of vegetation properties is crucial (Wulder 1998). Forests 

in Canada need to be monitored now not only for gross yield and commercial sustainability, but 

also for recreation and conservation purposes (Wulder 1998). One vegetation metric in 

particular, LAI, is often cited as a critical variable, due to its relationship to exchanges of water, 

gas and energy in the canopy (Gholz 1982). A suitable proxy for biomass, productivity and 

energy exchanges from the atmosphere, LAI can be calculated and estimated several different 

ways. This review of literature will examine the remote sensing and in situ methods of estimating 
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LAI, as well as focusing on two specific techniques; the application of remotely sensed optical 

vegetation indices and LiDAR modeling. Additionally, an examination of the statistical tests and 

processes required for this research will be presented, with an emphasis on the use of high 

resolution remote sensing data. 

2.2  Leaf Area Index 

LAI is formally defined as one-half the total green leaf area per unit ground area 

(unitless, but technically m
2
m

-2
) (Chen and Black 1992, Chen et al. 1997). Older definitions 

using ‘one-sided’ or ‘projected’ leaf area (Ross 1981) were redefined to better account for the 

random orientation of foliage within a canopy, and the physiological differences between conifer 

needles and deciduous broadleaves. LAI is an important variable required in the investigation of 

canopy structure of an ecosystem. This structure influences gas exchange, carbon sequestration, 

water interception and local climate (Bréda 2003). Many productivity models (e.g., 3PG, 

FORECAST) require LAI as an input for these reasons (Landsberg and Waring 1997, Kimmins 

et al. 1999). Collecting field measurements of LAI for shrub and agricultural species can be a 

straightforward lab exercise using direct methods. The large scale nature of a forest canopy 

requires indirect or remote methods of estimating LAI. 

2.2.1  Direct Methods 

 Direct methods of determining LAI provide a measurement of the leaf area using 

techniques that physically interact with the leaves and canopy structure. At its most basic level, 

this involves destructively sampling an area of a specimen from the ground surface to the top of 

the canopy and measuring the total leaf area in a lab. Obviously this technique is better suited to 

physically small species, although several studies have done this in a forested setting (Chen et al. 

1997). Less destructive direct methods include the stratified-clip (Hutchison et al. 1986) and 
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dispersed individual plant (Campbell et al. 1989), which selectively sample subsets of the canopy 

or forest, respectively, and are more suited to forested areas. Non-destructive direct methods 

include point quadrat (Wilson 1960) and litterfall collection (Grizzard et al. 1976). The point 

quadrat method involves passing a probe through the canopy and counting foliage touches, while 

the litterfall collection method captures and measures fallen foliage over a known area. Like the 

destructive techniques, point quadrat surveys are also difficult to do in a forest setting due to the 

use of unwieldy metal probes and tall canopy heights (Aber 1979). Some modernization of the 

method using ground-based lasers instead of physical probes has been reported (Denison and 

Russotti 1997), but this moves the technique into the realm of indirect methods. Litterfall 

collection is a widely used technique, but it has shortcomings in coniferous forests where foliage 

is not completely lost on a seasonal basis.   

2.2.2  Indirect Methods 

Indirect methods of calculating LAI rely on techniques in which no physical contact with 

the foliage is made, and estimations of the value are derived through other relationships and 

proxies. At their most basic level, these relationships depend on the penetration of radiation 

through the forest canopy. This radiation can either be measured from below with digital 

hemispherical photography (DHP) or other specialized equipment, or from above with active or 

passive satellite or airborne sensors. It is important to note that most indirect methods initially 

calculate ‘effective LAI’ (LAIe), or plant area index (PAI), which includes both the foliage and 

woody portions of the canopy. Conversions to LAI can be made using species specific, pre-

defined coefficients discussed below. 

The Li-Cor
©

 LAI-2000 is a handheld device that immediately returns an estimation of 

LAIe without any post-processing. The LAI-2000 contains a photosynthetically active radiation 
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(PAR) sensor with a fisheye mirror to capture the fraction of the canopy that is permeated by 

blue light (0.32 – 0.49 µm) (gap fraction). The processing of gap fraction is done at five zenith 

angles from vertical (i.e., 90º) to 74° from vertical (i.e., 16º) (Li-Cor 2010). Unfortunately, the 

LAI-2000 assumes certain criteria which are rarely satisfied: i.e.,  i) foliage is optically a black 

body; ii) foliage is randomly distributed; and iii) vegetation features are simple geometrical 

shapes (Jonckheere et al. 2004). When available, the LAIe value can be multiplied by species-

specific clumping and woody-to-total ratios to derive LAI (Deblonde et al. 1994). The TRAC 

(Tracing Radiation and Architecture of Canopies) system is similar to the LAI-2000. TRAC uses 

three photosensitive sensors to measure light transmission through the canopy on a single plane 

as the user walks through the forest (Chen 2005). As the instrument is in motion, the size of the 

gaps and their distribution are recorded and clumping parameters can be generated (Leblanc et 

al. 2005). These gap size parameters can be incorporated with the strong gap distribution 

functionality of the LAI-2000 to generate robust LAI measurements (Chen et al. 1997). The DHP 

technique, which will be discussed further in Chapter 3, uses the same principles as the LAI-

2000 and TRAC systems, but gap fraction is calculated from digital photos in post processing, 

giving greater control over the clumping indices and variable light conditions (Jonckheere et al. 

2004). 

Above-canopy methods for estimating LAI include: i) passive SVIs derived from optical 

sensors and ii) metrics derived from the LiDAR point cloud. The direct correlation of spectral 

vegetation indices like the Simple Ratio (SR) and NDVI to LAI are well documented (e.g., Chen 

et al. 2002, Stenberg et al. 2004, Wang et al. 2005, Davi et al. 2006). Similar to below-canopy, 

indirect techniques of LAI estimation that assess the amount of light that can pass through gaps 

in the canopy, airborne LiDAR data are analysed to characterize canopy gaps, and LAI, from 
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above. For instance, the proportion of ‘ground’ returns to ‘all’ returns can give an estimation of 

gap fraction, which, with the inclusion of ratios for woody biomass and foliage clumping, can 

estimate LAI (e.g., Solberg et al. 2006, Morsdorf et al. 2006, Morrison et al. 2011). 

Overall, direct methods of calculating LAI are labour intensive, time consuming and 

spatially localized compared to their indirect counterparts, but have the benefit of providing true 

measurements of LAI. Indirect methods tend to be more complex and technological in nature, 

but can be applied much more quickly and over larger areas. Generally, direct methods are better 

suited to short-stature vegetation (e.g., grasses, agricultural crops) and indirect methods are more 

applicable to larger-scale studies of large, forest organisms (Gower et al. 1999). Hence, indirect 

methods are the focus of this research, specifically, satellite spectral indices and LiDAR methods 

which are described in more detail below.  

2.3  LiDAR for LAI Estimation 

LiDAR can be used to estimate LAI indirectly through statistical modelling exercises 

(e.g., Jensen et al. 2008, Zhao and Popescu 2009, Peduzzi et al. 2012) or directly through 

conversion of LAIe derived from gap fraction, as mentioned above (e.g., Morsdorf et al. 2006, 

Morrison et al. 2011). To expand upon the direct, gap fraction concept, the technique is based on 

the number of pulses that can reach the ground surface compared to the number that are 

completely or partially attenuated by foliage or woody biomass (Ackermann 1999). The 

definition of ‘ground’ can also be variable, as Morsdorf et al. (2006) chose to use a surface 1.25 

m above the modelled ground surface to better represent the comparison to their DHP acquisition 

height. There are many different methods of filtering ground and non-ground points within a 

LiDAR point cloud including: i) Elmqvist et al.’s (2001) user-defined membrane; ii) Brovelli et 

al.’s (2002) planimetric, object oriented method; and  iii) Sohn et al.’s (2003) iterative TIN 
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densification. Each have their own strengths and weaknesses, whether they work poorly in 

heavily vegetated regions, or are not sensitive to small or complex objects (Sithole and 

Vosselman 2004). Gap fraction techniques also need to be run at the crown scale basis to identify 

foliage LAI as forest clearings would return LAI values of 0, potentially skewing models 

assuming all-vegetation inputs. Segmentation of crowns can be done using aerial imagery, or the 

LiDAR acquisition itself (Reutebuch et al. 2005). A modification to the technique that allows for 

the removal of the segmentation step can be done by using a filter to discard single return ground 

points, under the assumption that these are inter-crown points (Morsdorf et al. 2006). Based on 

this study, the authors reported an R
2
 of 0.69 based on the relationship between LAIe from DHPs 

and a LiDAR derived LAIe proxy. A Canadian boreal forest study confirmed that LiDAR and 

gap fraction could be directly used to estimate LAIe, as measured using DHPs. Their study found 

that LiDAR and in situ measurements had no statistically significant difference at the 95% 

confidence level (Morrison et al. 2011).  

2.3.1  Effective LAI (LAIe) 

The equation for converting gap fraction to LAIe examines the amount of light 

transmitted at every angle: 

 

                                                           
 

    
 

   

 
                 [1] 

 

where P(θ) is the gap fraction at the view zenith angle (θ) (Chen et al. 1997). To convert LAIe 

into LAI a simple calculation, with difficult to quantify parameters, is needed: 

 

                                 [2] 
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where α is the woody-to-total area ratio, γ is the needle-to-shoot area ratio and Ω is the element 

clumping index (Chen et al. 2006). The parameter (1 - α) is used to remove the proportion of 

light blocked by non-leaf vegetation (e.g., trunks, branches) and can be derived from a 

comparison of leaf-on and leaf-off DHP for deciduous forests and destructive sampling for 

conifer forests. The γ and Ω parameters integrate the relative ratios of within-shoot and beyond-

shoot optical clumping, respectively, for conifer forests; broadleaf forests utilize a value of 1.0. 

These ratios can only be found using destructive sampling, and only several conifer species have 

been investigated in literature, but they remain relatively constant across different regions 

(Gower et al. 1999).  

2.3.2  LiDAR Point Density 

 One of the most variable and controllable LiDAR parameters is the horizontal spatial 

density of the pulses. Many forestry studies using LiDAR to estimate gap fraction/LAI use point 

densities upwards of 10 pulses m
-2

 (e.g., Riaño et al. 2004, Hyyppä et al. 2004, Morsdorf et al. 

2006), although these studies tend to be examining single crowns. Whole-forest scale inventories 

require lower point densities out of the necessity for minimizing costs. Treitz et al. (2012) 

modelled a suite of forest inventory variables, excluding LAI, for a boreal mixedwood forest 

using LiDAR data at three sampling densities (i.e., 3.2, 1.6 and 0.5 pulses m
-2

).  They found no 

significant reduction in accuracy between the point densities, and concluded that the                 

0.5 pulse m
-2

 was sufficient for most plot and stand level forest inventories. 

2.4  Spectral Vegetation Indices for LAI Estimation 

 There are several passive remote sensing satellite systems for modelling LAI, the most 

common being the LAI product derived from the MODIS satellites. These two synchronized 

sensors allow for global coverage at 1 km resolution on an 8 day cycle and makes use of a 
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complex combination of bidirectional reflectance distribution function (BRDF) and look-up 

tables (LUTs) to estimate LAI (United States Geologic Survey 2009). While this type of low 

resolution, high spatial coverage product provides acceptable accuracy for large scale projects, 

there are more precise, high resolution methods for estimating LAI remotely. 

Vegetation has evolved over time to make use of the available spectrum of incoming 

solar radiation as an energy source. Photosynthetically active radiation (i.e., 0.4 – 0.7 µm) is the 

most absorbed portion of the spectrum by chlorophyll a and b, and other pigments, thereby 

exhibiting very low reflectance. Meanwhile, near infrared (NIR) wavelengths (i.e., 0.7 – 1.0 µm) 

are highly reflective due to scattering from vegetation cell structures, a ‘strategy’ to avoid 

overheating (Jensen 2008). This relationship is utilized in several SVIs that are strongly related 

to a range of vegetation variables including percent cover, biomass, LAI and vegetation health. 

These SVIs range from simple ratios of red to NIR (SR) to more complex ratios that utilize 

coefficients to account for soil reflectance (Soil Adjusted Vegetation Index – SAVI) (Huete 

1988). The most common SVI in use is NDVI which normalizes the ratio of red and NIR bands 

available on a wide range of satellite sensors. 

2.4.1  NDVI and LAI 

 As high values of SVIs tend to indicate an abundance of healthy, green vegetation, the 

correlation to LAI has naturally been studied. The utilization of one of the most common SVIs, 

NDVI, to derive LAI began when LAI was measured in a similar fashion to gap fraction, but 

optically. Historically, to estimate LAI a solar cell positioned above the canopy recorded the total 

amount of solar radiation in conjunction with a panel on the forest floor. A correlation between 

radiation attenuation and vegetation structure was performed using destructively sampled LAI to 

develop a relationship for that particular species. Examining the above and below canopy spectra 
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instead of the raw intensity, it was discovered that there was a significant difference in the 

amount of red light above and below a forest canopy when using the antiquated solar cell 

technique (Jordan 1969). Further investigation resulted in a ratio of NIR to red that nearly 

perfectly correlated positive-linearly to LAI. This work has been revisited and expanded upon 

many times since, using remote optical satellite platforms that record red and NIR spectral 

reflectance. A sample of some of these studies using NDVI are summarized in Table 1, while 

section 2.4.2 describes other SVIs in more detail. 
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Table 1 - Sample of LAI studies using NDVI 

Study Primary Technique Results 

Turner et al. (1999) 

 

Relationship between 

Leaf Area Index and 

Landsat TM spectral 

vegetation indices 

across three temperate 

zone sites 

Three SVIs (NDVI, 

SAVI, SR) using Landsat 

TM 30 m data. Third-

order regression models. 

Destructive in situ 

sampling of LAI 

measured with a laser. 

SR and SAVI preformed moderately well 

(R
2
 = 0.59 and 0.54), while NDVI was 

best with an R
2
 of 0.74. Inconsistent 

results were obtained in both young and 

old conifer stands. Models performed 

poorly above LAI of 4 or 5. 

Colombo et al. (2003) 

 

Retrieval of leaf area 

index in different 

vegetation types using 

high resolution satellite 

data  

Six SVIs (NDVI, SR, 

SAVI, PVI, ARVI, EVI) 

using IKONOS 4 m data. 

In situ data collected with  

LAI-2000. 

All models roughly similar in accuracy. 

Natural deciduous forest areas had a non-

significant R
2
 of 0.18, plantation forest an 

R
2
 of 0.60 and, across all cover types 

NDVI had an R
2
 of 0.33. Varying kernel 

sizes of 3, 6 and 9 pixels did not impact 

R
2
, but increased model stability.   

Wang et al. (2005) 

 

On the relationship of 

NDVI with leaf area 

index in a deciduous 

forest site 

Particular focus on 

seasonality (fast fourier 

transform across multiple 

acquisitions). Examines 

NDVI from MODIS and 

AVHRR 1 km data, using 

both litter fall and the 

Beer-Lambert Law for in 

situ LAI measurement.  

Results fluctuated annually, with R
2
 

ranging from 0.96 for a single year 

AVHRR to 0.39 for a single year 

MODIS. Best correlations were found 

during the leaf production stage (R
2
 = 

0.99, 0.99 and 0.98 for three years), but 

pooled data proved insignificant (R
2
 = 

0.03), likely due to different annual 

background NDVI. 

Davi et al. (2006) 

 

Estimation of forest leaf 

area index from SPOT 

imagery using NDVI 

distribution over forest 

stands 

Using NDVI as well as 

variability in NDVI to 

attempt to overcome the 

saturation problem at high 

LAI. Using the SPOT 20 

m sensor with LAI-2000 

ground data. 

Strong (R
2
 = 0.71) and moderate (R

2
 = -

0.52) correlations were found between 

NIR and red bands and LAI. R
2
 of -0.77 

was found between LAI and standard 

deviation of NDVI, with the logarithmic 

relationship being even higher (R
2
 = -

0.83). Final model (R
2
 = 0.85) used skew 

and standard deviation of NDVI. 

Stenberg et al. (2004) 

 

Reduced simple ratio 

better than NDVI for 

estimating LAI in 

Finnish pine and 

spruce stands 

Comparing SR, Reduced 

Simple Ratio (RSR) and 

NDVI in a managed 

boreal forest setting using 

Landsat TM 30 m data 

and LAI-2000 in situ data. 

RSR and LAI correlated strongly for 

homogeneous plots of 1 to 2 ha (R
2
 = 

0.75), while NDVI and SR performed 

moderately well (R
2
 = 0.55 and 0.52). 
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2.4.2  Other SVIs and LAI 

 As most SVIs use some combination of red and NIR spectral bands, several authors have 

found that other ratios are effective for estimating LAI more accurately. Stenberg et al. (2004) 

found that the RSR was more strongly correlated with LAI than NDVI (R
2
 = 0.63 versus 0.55) 

and had the lowest standard error and highest predictive capability of the three SVIs tested. Some 

more complex ratios, like the SAVI, are partially dependant on canopy density and how visible 

exposed ground is within a region. SVIs like this have been found to be more effective in 

heterogeneous forest canopies and regions of high LAI (Broge and Leblanc 2001). SAVIs may 

be more appropriate for large area studies or studies that incorporate low spatial resolution 

sensors due to the likely inclusion of canopy gaps and mixed soil/vegetation pixels. Another 

approach to examine low resolution issues is through the application of spectral unmixing, i.e., 

using pure endmembers within a scene to map fractional coverage within individual pixels 

(Bateson and Curtiss 1996). The Enhanced Vegetation Index (EVI), an index more resistant to 

atmospheric variation, in conjunction with spectral unmixing, was found to outperform NDVI 

substantially in a plantation setting (R
2
 = 0.30 versus 0.03) (Chen et al. 2004). 

A problem encountered with some studies in more densely forested areas is that an SVI 

will reach a maximum value at an LAI lower than the maximum. Due to this sometimes 

asymptotic relationship found between LAI and different SVIs, several studies have investigated 

non-linear regression techniques or transformations of the LAI variable itself (e.g., natural log, 

square root) (e.g., Peterson et al. 1987, Nemani et al. 1993, Chen and Cihlar 1996, Turner et al. 

1999). Pursuing methods such as second/third-order polynomial or allometric, after proper 

verification of statistical assumptions, may help increase the explanatory power of models, but 

only if it is found that these models are applicable to the particular LAI dataset. 
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In general, most studies have moderate success correlating SVIs to LAI, depending on 

many factors ranging from local vegetation, sensing platform, SVI and phenology (e.g., Spanner 

et al. 1990, Wang et al. 2005). On the other hand, not all studies exhibit strong relationships 

between SVIs and LAI (e.g., Loechel et al. 1997, Colombo et al. 2003). Overall, since the 

majority of SVIs utilize the same general relationship of Red and NIR to some extent, most 

perform comparably. The ability to evaluate several could potentially provide a relationship that 

functions better under particular vegetation, atmospheric or site characteristics. 

2.5  Statistical Modelling of Environmental Variables 

 To evaluate whether any conclusions or interpretations of data are significant, a set of 

verifiable, objective statistical tests must be undertaken. Multiple Linear Regression (MLR) is 

one of the most common statistical methods used to predict a single dependent variable 

(criterion) from a complex set of independent variables (predictors) (Aiken et al. 2003, De Veaux 

et al. 2005). MLR has three potential applications: i) description; ii) prediction; and iii) theory 

testing (Aiken et al. 2003). Description involves summarizing how a set of predictors relate to a 

criterion during a specific event or point in time. Prediction expands on description and 

extrapolates to forecast how current predictor values could define future criterion. Finally, theory 

testing with MLR allows for specific, predefined hypotheses about particular predictors to be 

assessed in a controlled manner. Though this technique is straightforward in its implementation, 

it is complex enough to be run in a computerized environment. 

 Due to this ease of use, and often with minimal background understanding of the core 

mathematics, many scientists in geography and similar disciplines misuse this technique. The 

misuse comes mainly from unintentional invalidation of inflexible assumptions required for 

statistically valid results (Poole and O'Farrell 1971). The first of these assumptions is that for 
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each combination of criterion and predictor there is a linear relationship, whether direct or 

transformed. Additional assumptions relate to the residuals of the datasets: i.e., the residuals 

must have a mean of zero, a uniform, constant distribution (i.e., homoscedasticity), and be 

serially independent. The final two assumptions are most critical for valid results: i) predictor 

variables have to be independent of each other (i.e., an absence of multicollinearity); and ii) the 

dependent variable must be a normally distributed dataset (Poole and O'Farrell 1971). All of 

these assumptions can be tested quickly by graphical observation, either of raw data points 

(normality, linearity, independent predictors) or of the residuals, but all statistics packages will 

provide significance values on dedicated tests of each. 

 While there is no standard method to select the best predictor variables from a set, Jensen 

et al. (2008) provide a strong selection framework upon which to start. The iterative use of 

several tests and comparisons allows for the optimal model to be built using a combination of 

both statistics and expert knowledge/logic. Initial exclusion of predictors due to multicollinearity 

is essential to reduce the overall pool of potential variables (Neter et al. 1996). From that point, 

potential models can be generated and screened using a combination of maximizing R
2
 and 

adjusted R
2
 while minimizing root mean square error (RMSE) and Akaike’s Information Criteria 

(AIC) as barometers of success. Minimizing AIC, a metric similar statistically to a χ
2
 test, is one 

of the most widely used tests of how much information is lost in a model through the particular 

subset of predictors used (Sugiura 1978). A final test used by Jensen (2008) is Allen’s Predicted 

Residual Sum of Squares (PRESS) (1971). Used as a cross-validation method, PRESS is used to 

select one definitive model from the small subset of potential candidates. 

 The use of new, high spatial resolution, remotely sensed data also present statistical 

challenges. Many of the techniques and correlations developed and proven for lower resolution 
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sensors (e.g., MODIS, Landsat, SPOT) may not hold true for higher resolution sensors (e.g., 

Quickbird, Worldview) due to the greater amount of textural detail (i.e., variance) not 

amalgamated into larger pixels. Research has shown that spectral signatures can vary 

significantly when spatial resolution is significantly larger or smaller than the individual objects 

of investigation in the scene (e.g., Marceau et al. 1994, Treitz and Howarth 2000). Ever finer 

resolution in remote sensing is not a negative trend, but it is important to alter sampling practices 

appropriately to represent the increasing amount of information available (Bellehumeur and 

Legendre 1998).  

2.6  Existing Work 

 The research conducted for this thesis examines the capacity for two different methods 

and two contrasting data types to model LAI.  Richardson et al. (2009) used a range of sizes of 

consolidated LiDAR point clouds from 2.5 to 25 m as well as four empirical modelling 

approaches to estimate LAI. Models differed in their inputs, from allometric variables like 

canopy height and volume to methods using the Beer-Lambert law of light absorption. R
2
 values 

ranged from 0.49 – 0.66 with inconsistencies attributed to the incompatible comparison of 

cylindrical LiDAR point clouds and conical DHP fields of view.  Notably, Jensen et al. (2008) 

modelled LAI using low density LiDAR and SVIs derived from SPOT-5 satellite data in 

conjunction with in situ data of LAI-2000/TRAC measured LAI for two commercially managed 

conifer forests with selective thinning operations. LAI model generation was attempted using 

LiDAR-derived variables, SPOT-derived indices, and a combination of the two. For foliage-only 

LiDAR models (i.e., applying woody-to-total area and clumping ratios), an R
2
 of 0.60 was 

attained using skew, upper story variance, upper story 75
th

 percentile and maximum height 

covariables. SPOT-based covariates included NDVI, SR, RSR and several others. The best R
2
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value of 0.35 came from a mean of the mid-infrared (i.e., 1.58 – 1.75 µm). Combining the two 

best datasets from LiDAR and SPOT improved the predictive capacity slightly to an R
2
 of 0.62, 

with several other subsets showing no improvement. Potential problems with the research 

revolve around asynchronous LiDAR and SPOT acquisitions (i.e., seasonally and annually) and 

biophysical variation between SPOT acquisitions. 

The research presented here will expand on these projects in several ways. First, this 

work will take place in a northern boreal environment dominated by different species and 

associations than those observed in other studies. Also, a larger set of LiDAR-derived 

covariables, including variables not included in these studies (e.g., Vegetation Complexity Index 

(VCI)), will be applied. Additionally, instead of relatively low spectral and spatial resolution 

sensors like SPOT-5 (20 m pixels), WorldView-2 coverage (2 m pixels, additional red/near 

infrared bands) will be used for SVI modelling. It is anticipated that this research will provide an 

overall methodology for deriving LAI using low density LiDAR and/or high spatial resolution 

WorldView-2 data. 

  



22 

 

Chapter 3 - Study Site and Research Methods 

 This chapter presents a detailed examination of the study site and the research methods 

used: i.e., processing of the raw field and remote sensing data and statistical analyses for 

generating LAI. 

3.1  Study Site 

 The field campaign to collect in situ DHPs for model calibration/validation took place in 

the Hearst Forest, centered roughly on Hearst, Ontario, Canada (49.7°N, 83.7°W) (Figure 1). 

This forest falls within the boreal mixedwood region and covers approximately 1.23 million ha; 

1.00 million ha of which is productive forest (Hearst Forest Management Inc. 2010). It is an 

actively managed, commercial forest, with approximately 60,000 – 70,000 ha harvested annually 

(Hearst Forest Management Inc. 2007).  

 

Figure 1 - Map depicting Hearst, Ontario and surrounding cities 
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3.1.1  Hearst Forest 

 The majority of the tree species in the Hearst Forest are coniferous, with black spruce 

(Picea mariana Mill. B.S.P.) dominating approximately two-thirds of the forest units. The 

coniferous species in this forest also include jack pine (Pinus banksiana Lamb.), white spruce 

(Picea glauca Moench Voss), balsam fir (Abies balsamea L. Mill.) and tamarack (Larix laricina 

Du Roi K. Koch). Deciduous species in the study area include white birch (Betula papyrifera 

Marsh.), trembling aspen (Populous tremuloides Michx.) and balsam poplar (Populous 

balsamifera L.). Using the classification scheme of  Taylor et al. (2000), forest units found 

within the Hearst Forest, and their contribution to the overall managed area, are SB1 (25%), SP1 

(24%), MW2 (17%), SB3 (13%), SF1 (5%), LC1 (5%), PO1 (5%), PJ2 (3%), and MW1 (1%). A 

full description of site characteristics and species composition for each of these forest units can 

be found in Table 2 and Table 3. 

3.1.2  Geology, soils and terrain 

 The Hearst Forest region’s surficial geology is directly related to previous glaciations. 

The topography of the land is characterized as gently rolling to very hilly, although the majority 

of the area is relatively flat, attributed to the Barlow-Ojibway glacial lake (Carleton and 

Maycock 1978). There are two soil regions across the Hearst Forest; the first being 

clays/loams/sands in the south and northeast, and the other being clays/silt clays/clay loams in 

the central and northern reaches (Hearst Forest Management Inc. 2007). Some poorly drained 

marsh areas are present with underlying organic soils, but these areas are scattered and are rarely 

large enough to influence forest management practices. Elevations range from 86 to 435 m above 

sea level. 
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Table 2 - Forest unit descriptions for the Hearst Forest (Hearst Forest Management Inc. 2007) 

Forest Unit Type Forest Unit Description 

SB3 - SC3 Spruce Relatively pure spruce situated on clay in lowland regions. SB1 

has a higher minimum spruce content (70%) and is predominantly 

in Site Class (SC) 1, while SB3 has a lower minimum spruce 

content (50%) and is exclusively in SC3. SB1 – Lowland Flat 

PJ2 – Jack Pine 

Combinations of jack pine and black spruce with the potential for 

balsam fir found in areas of fine sand to sandy-loam. In the 

Hearst Forest PJ2 also includes the very few PJ1 forest unit areas; 

pure pine on coarse, dry, and sandy soils. 

LC1 – Lowland conifer 

Found on SC 9, 12 and 13, LC1 is a mixture of black spruce, 

cedar and tamarack in lowland areas. The typical ground 

condition is marshy and wet. 

SP1 – Upland Spruce Pine Soil conditions at these sites are highly variable, but usually well 

drained. Majority species include black and white spruce, but 

some jack pine and balsam fir can exist. Site Class 0 and 1. SF1 – Upland Spruce Fir 

PO1 – Intolerant Hardwood 

The only pure hardwood forest unit, with greater than 80% 

hardwood species (i.e., white birch, balsam poplar and trembling 

aspen). Site Classes are 1 and 2. 

MW1 & MW2 – Hardwood 

Mixedwood 
These Mixedwood forest units have at least 70% hardwood 

composition. The smaller MW1 lies on coarse, dry soils hosting 

mainly jack pine, while MW2 is mainly spruce and aspen on silt 

to clay-loams. 
MW1 & MW2 – Conifer 

Mixedwood 
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Table 3 - Plot stratification for the Hearst Forest (species composition) 

Forest Unit Type % of Hearst Forest Forest Unit Type Composition 

SB3 - SC3 Spruce 13% SB ≥ 50% and PJ ≤ 10% and PJ + BF + BW + PO ≤ 10% and SC = 3 

SB1 – Lowland Flat 25% SB ≥ 70% and PJ + BF + BW + PO < 10% and SC = 2 

PJ2 – Jack Pine 3% 
(PJ + SB ≥ 70% or PJ ≥ 50%) and (PJ + SB + BF + SW + CE + LA ≥ 

80%) and PJ > Sb 

LC1 – Lowland conifer 5% SB + SW + CE + LA ≥ 0.8 and PJ = 0 and SW ≤ 0.2 and CE + LA ≥ 0.4 

SP1 – Upland Spruce Pine 24% 

SB + SW + BF + CE + LA + PJ ≥ 80% and BF ≤ 10% and CE + BF ≤ 

20% and SC = X, 1.  BF is not a disqualifier of young plantations and 

natural regenerated areas to include BF. 

SF1 – Upland Spruce Fir 5% 
SB + SW + BF + CE + LA + PJ ≥ 80% and BF >= 20% and SC = X, 1 ,2.  

Age > 100 years 

PO1 – Intolerant Hardwood 5% PO + PB + BW ≥ 80%, good site class 

MW1 & MW2 – Hardwood 

Mixedwood 

MW1-1% , MW2-

17% 

PO + PB + BW = 50-70% (if 50% conifer/50% hardwood then WG 

determines).  Good site class. MW1 includes the presents of PJ.  PJ ≥ 20%.  

MW2 all remaining stands fall into. 

MW1 & MW2 – Conifer 

Mixedwood 

MW1-1%, MW2-

17% 

Conifer species 50-70% and CE + LA < 40% (if 50% conifer/50% 

hardwood then WG determines).  Good site class. MW1 includes the 

presence of PJ.  PJ ≥ 20%.  MW2 all remaining stands fall into. 

 

SB - Black Spruce, PJ – Jack Pine, BF – Balsam Fir, BW – White Birch, PO – Trembling Aspen, CE – Cedar, LA – Tamarack, SW – 

White Spruce, PB – Balsam Poplar 
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3.1.3  Climate 

 The Hearst Forest possesses a continental climate which is classified as ‘modified’ due to 

its proximity to the Great Lakes and Hudson Bay, increasing precipitation and decreasing 

summer temperatures (Hearst Forest Management Inc. 2007). The climate normals for 

Geraldton, Ontario, the nearest weather station 250 km from Hearst, shows a mean daily 

temperature of 0.3°C, mean annual precipitation of 760 mm and 149 frost free days 

(Environment Canada 2012). 

3.2  Remote Sensing Data Acquisition 

3.2.1  LiDAR Data Acquisition 

 LiDAR data were acquired by North West Geomatics Ltd during the period of July 4 to 

September 4, 2007 during leaf-on conditions. LiDAR data were collected using an Optech 

ALS50 sensor mounted in a Cessna 310 aircraft. The properties of the LiDAR acquisition are 

summarized in Table 4, with the resulting LiDAR point density being 0.81 points m
-2 

across the 

Hearst Forest. Filtered and classified data were provided by North West Geomatics Ltd to 

partners at the Ontario Ministry of Natural Resources, who then generated the full suite of 

LiDAR predictor variables, including height and density metrics (Table 6). These calculations 

were done at both the plot level and the forest level at a 20 m pixel resolution. 
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Table 4 - LiDAR acquisition properties (North West Geomatics 2008) 

Variable Value 

Pulse Rate 119 KHz 

Scan Rate 32 Hz 

Field of View 30 Degrees 

Flying Height 2,400 m 

Line Spacing 1,000 m 

Overlap 20 % 

Point Density 0.81 points m
-2

 

Vertical Accuracy 
<30 cm 

Horizontal Accuracy 

 

3.2.2  WorldView-2 Data Acquisition 

 Three 100 km
2
 tiles of WorldView-2 data were acquired on June 26, 2011 between 13:02 

and 13:03 local time (i.e., each tile was acquired on the same orbital path). These areas include 

eight multispectral channels at 2.0 m cell size and a panchromatic band at 0.5 m (Table 5). 

Economic considerations prohibited acquiring the entire Hearst Forest, so these areas were 

selected to maximize the number of plots covered; i.e., 122 of 249 plots fall within the 

WorldView-2 coverage (Figure 2). 

Table 5 - WorldView-2 spectral specifications 

Spectral Band 
Band 

Number 

Bandwidth 

(nm) 

Band Centre 

(nm) 

Coastal 1 401 – 453 427 

Blue 2 448 – 508 478 

Green 3 511 – 581 546 

Yellow 4 589 – 627 608 

Red 5 629 – 689 659 

Red Edge 6 704 – 744 724 

NIR 1 7 772 – 890 831 

NIR 2 8 862 – 954 908 

Panchromatic  464 – 801 632 
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Table 6 - LiDAR predictor variable descriptions 

LiDAR Predictor Description 
LG%Hwd Percent Hardwood by Basal Area for trees >=10cm 

LG%Con Percent Conifer by Basal Area for trees >=10cm 

Sm%Hwd Percent Hardwood by Basal Area for trees <10cm 

Sm%Con Percent Conifer by Basal Area for trees <10cm 

MEAN Mean height (m) 

STD_DEV Standard Deviation 

ABS_DEV Absolute Standard Deviation 

SKEW Skewness 

KURTOSIS Kurtosis 

MIN Minimum height (m) 

P10 First Decile LiDAR Height (m)  

P20 Second Decile LiDAR Height (m) 

... ... 

P90 Ninth Decile LiDAR Height (m) 

MAX Maximum height (m) 

D1 Cumulative percentage of the number of returns found in Bin 1 of 10 

D2 Cumulative percentage of the number of returns found in Bin 2 of 10 

... ... 

D9 Cumulative percentage of the number of returns found in Bin 9 of 10 

DA First returns / All Returns 

DB First and only return / All Returns 

DV First Vegetation Returns / All Returns 

MEDIAN Median Height (m) 

VDR Vertical Distribution Ratio = VDR=[Max−Median] / Max 

COVAR Covariance (STD / Mean) 

CanCOVAR Covariance (STD / Mean) of first returns only 

H Shannon-Weaver Index 

VCI Vertical Complexity Index  

FIRST Number of First Returns 

ALLRETURNS Number of all Returns 

FIRSTVEG Number of First Vegetation Returns only 

ALLGROUND Number of Ground Returns 

cc0 Crown closure >  0 m 

cc2 Crown closure >= 2 m 

cc4 Crown closure >= 4 m 

… … 

cc28 Crown closure >= 28 m 
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Figure 2 - WorldView-2 coverage in the Hearst Forest 

3.3  Field Methods 

The field campaign was carried out from June 3 to July 18, 2011. Operations were based 

out of the town of Hearst, Ontario, with trips made daily to a set of forest sample plots. 

3.3.1  Site Selection 

 The plots selected for this project were extracted from a pre-existing pool of 446 plots. 

These plots were established in 2010 in support of two integrated LiDAR projects: i.e., 
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Geomatics for Informed Decisions (GEOIDE) and Advanced Forest Resource Inventory 

Technologies (AFRIT). Each plot was classified by forest unit and growth stage. Each circular 

0.4 ha plot (i.e., 11.3 m radius) was sampled for multiple height and wood fibre variables in 

2010. Of these plots, 249 were chosen to provide a representative range of forest unit types, 

growth stages, and basal area to ensure a range of canopy closures. On a secondary level, these 

chosen plots were examined again to ensure even spatial distribution over the forest, while still 

maintaining ease of access from both the town of Hearst and accessible logging roads (Figure 3). 

Notations were made while performing fieldwork regarding any plots not accurately 

corresponding to their supposed designation, but these variances were minimal and no re-

stratification/re-sampling was required. 
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Figure 3 - Plot distribution in the Hearst Forest 

3.3.2  Digital Hemispherical Photographs 

 At each plot, DHPs were taken in order to estimate LAI using methods described in the 

DHP/TRACwin software manual (Leblanc 2008) and by Leblanc et al. (2005). The sampling 

design used was a modification of several different patterns found in the literature, all designed 

specifically for the particular area or research question (e.g., Chen et al. 1997, Morsdorf et al. 

2006, Leblanc 2008, Thomas et al. 2011). Due to our circular plots with radii of 11.3 m, a 

gridded, 3-by-3, north-aligned design was selected with the central image being taken at plot 
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centre (Figure 4). The camera was oriented so that the top of the image always faced magnetic 

north. The 10 m spacing was measured using a Vertex
©

 Hypsometer, calibrated daily. 

 

 

Figure 4 - DHP sampling design 

The images were taken with a Nikon
©

 D700 body and Fisheye-Nikkor
©

 8mm f/2.8 lens 

(Figure 5). The D700 featured a 12.1 megapixel, FX full frame sensor required for use with the 

specialized lens. The lens itself provided a 180° field of view projected as a circular image. The 

camera was set to take medium quality images (i.e., resolution of 3184 by 2120 pixels) as this 

was greater than the image resolution recommended in the literature (Leblanc et al. 2005), and 

optimized storage requirements. Using the automatic light metering on the camera, each scene 

was captured attempting to under-expose the image by one or two stops of shutter speed. This 

exposure produced the best relationship of dark foliage/woody biomass to slightly overexposed 

background sky, although varying lighting and canopy conditions required constant manual 

adjustments. And vegetation within 1 m of the lens was moved out of frame. 
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Figure 5 - Setup of camera and lens system in a plot 

A Benbo
©

 tripod was used for its unique leg configuration being best suited for use in 

rough terrain. A ball head, as opposed to a double-pivot head, was also used for greater control 

across uneven ground. Images were taken with the focal point at standardized breast height (i.e., 

1.3 m) (Figure 5). Before taking an image, the camera was leveled using a spirit level. Most plots 

were topographically flat, but in plots with varied elevation or a consistent slope the camera was 

oriented to be level with the local ground surface, or artificial horizon, not the true horizon 

(Leblanc 2008). Ideal sampling conditions consisted of overcast, uniformly illuminated skies 

(i.e., diffuse light). Precipitation immediately halted sampling due to the sensitive nature of both 

the camera and lens to moisture. Detailed field notes were kept to correlate image names 

automatically assigned by the camera to their respective locations within the plot. 
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While photographing canopies, several issues impacting image quality were encountered. 

Primarily, even with the utmost care the lens would begin to collect dust and fingerprints after 

several days in the field. As soon as artifacts were noted in images during the daily camera 

download a commercial lens cleaning solution was used. Also, throughout the summer a heavy 

insect presence occasionally required multiple images to be taken when insects landed on the 

lens or a dense swarm passed within the field of view. Figure 6 provides an example of a 

correctly exposed DHP; foliage/biomass pixels are underexposed, verging on black, and sky 

pixels are close to saturated, near white. Appendix A shows additional examples of DHPs 

arranged by species and LAI. 

 

Figure 6 - DHP image example (Jack Pine LAI=1.5) 
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3.4  Processing Methods 

 After the field campaign, processing of DHPs and WorldView-2 imagery was required 

prior to statistical analysis. 

3.4.1  DHP Processing 

 Using a combination of DHP 4.7s and TRACWin 5.1.0 software, 2,241 DHPs were 

processed to retrieve true LAI values. Images were first processed by ‘thresholding’ (Leblanc 

2008). In this process, thresholding refers to a manual process consisting of two stages. First, the 

logarithm of the histogram of digital numbers in the blue channel of the image was examined 

(Figure 7). The blue channel was used as it provides better delineation between vegetation, sky 

and mixed pixels (Leblanc et al. 2005). The goal of this initial inspection was to place the 

threshold bounding the linear portion of the histogram. Then, an iterative process was used to 

refine the two thresholds to best represent the unique scene and zenith conditions for each of 

several image rings. Processing was done by a single operator so as to reduce variability in the 

relatively subjective method. Figure 8 shows a full resolution zoom of a comparison between a 

raw blue channel image and the resulting thresholded image. 

 

Figure 7 - Logarithm of digital number histogram used for thresholding and initial threshold 

placement (relative y-axis scaling of image digital numbers) 
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Figure 8 – DHP thresholding example (1:1 resolution image (left); threshold image (right) 

black=vegetation, green=mixed, white=sky) 

 

In order to properly centre and resize the images to the DHP software, parameters used 

were 2052 for ‘# Pixels for 180°’ and 1068 for ‘Centre (y)’, extracted from pixel level 

measurements in Adobe
©
 Photoshop. Processing was done at full resolution for added precision 

and with ‘Special Mode’ turned on for better delineation of thresholds. Ten concentric rings were 

generated in each image; although since the central (nadir) ring and two outside (horizon) rings 

were being discarded only rings two (2) through eight (8) were manually thresholded (Figure 9). 
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Figure 9 - Example of image rings used in thresholding of DHP images (Blue and green = 

discarded horizon and nadir rings, red = example 5th ring) 

 

DHP provides a measure of LAIe. To derive LAI, data were exported from DHP to 

TRACWin. In this software package, the two ratios for each tree species were applied to account 

for clumping (i.e., needle:shoot ratio for coniferous species) and the expected amount of woody 

biomass in an image (i.e., woody:total ratio) (Table 7). Species that had published values 

included black spruce, jack pine, balsam fir and trembling aspen (Gower et al. 1999). The 

application of these ratios for other species (e.g., black spruce for tamarack and which spruce) 

was performed after personal communication with Drs. Jing Chen, Sylvain Leblanc and Valerie 

Thomas (2012). Through this consultation it was concluded that these additional species had not 

been verifiably measured, and that using pre-existing, similar species parameters was 
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appropriate. A total of 13 plots with a cedar component were excluded at this point due to a lack 

of published ratios, and a general consensus that the needle structure was too dissimilar from any 

other species to share ratios. 

Table 7 - Species TRACWin ratios 

Species 
Needle:Shoot 

Ratio (γ) 

Woody:Total 

Ratio (α) 

Black Spruce 1.35 0.14 

Tamarack 1.35 0.14 

White Spruce 1.35 0.14 

Balsam Fir 1.77 0.08 

Jack Pine 1.30 0.03 – 0.34 

White Birch  0.21 

Trembling Aspen  0.21 

Baslam Poplar   0.21 

 
 

TRACWin returned three different variations of LAI: i.e., CC (Chen and Cihlar 1995), LX 

(Lang and Xiang 1986) and a combination of the two, CLX (Leblanc et al. 2005). Each utilizes 

generally the same statistical method to extract LAI values using canopy transmittance 

distribution at multiple zenith angles, but the LX method applies logarithmic averages instead of 

CC’s simple averages of transmittance. Differences between the three datasets appeared to be 

solely scalar, and none generated statistically stronger models than the others, so the least 

complex CC measure was used. Future reference to DHP LAI-CC will simply be referred to as 

LAI.  

After all images were processed, the mean of each set of nine individual LAI values for 

each plot was calculated to provide an estimate of plot LAI. Any plots with a mixed species 

composition where the minority species had greater than 20 percent coverage (by basal area of 

trees >= 10 cm DBH) were linearly weighted. That is to say, a plot with 85% black spruce and 

15% jack pine would be treated entirely as black spruce. This methodology was consistent with 
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LAI processing work conducted by Karin van Ewijk (personal communication, September 28, 

2011). 

3.4.2  WorldView-2 Processing 

 WorldView-2 images were delivered in five segments spanning the three areas of 

interest. Image calibration was first done to convert relative radiance into absolute radiance, then 

conversion of the raw .TIFF image file to .BIL (binary interleaved by line) to prepare the image 

for the correction module. Atmospheric correction was performed using the FLAASH module in 

ENVI
©
 5.0 with the atmospheric model set to ‘sub-arctic summer’ (applicable for the 49° N 

latitude) and the aerosol model to ‘rural.’ Ground elevations were extracted from the LiDAR 

derived digital elevation model (DEM) of the Hearst Forest. Initial visibility, set to 24.1 km, was 

taken from the Environment Canada climate archives (Environment Canada 2012). The tiles 

were then mosaiced, with the mean blending operator used for overlapping areas, to make further 

processing more efficient. An NDVI was calculated using the red and near infrared-1 bands as 

seen in Equation 3. Mean NDVI for each 0.4 ha plot was extracted and added to the table of 

LiDAR predictor variables for each plot. 

 

          
        

        
      [3] 

 

3.5  Statistical Methods 

 Multiple Linear Regression was the statistical method used for modeling these data. A 

preliminary goodness-of-fit test of LAI normality resulted in identifying a non-normal 

distribution, though with distinct outliers. An assessment of outliers determined that they 
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corresponded to plots that included balsam fir, a species whose TRACWin ratios were in question 

due to apparent inflation of LAI values. Removing these ten plots resulted in a statistically 

verified normal distribution (Shapiro-Wilk W test: Prob < W = 0.37). From the extensive suite of 

predictor variables (Table 6) reduction was performed using a scatterplot matrix, visually and 

with R
2
, to avoid multicollinearity due to the high similarity between some variables. Most 

notably, the percentile (i.e., P10 – P100 [maximum]) and density (i.e., D1 – D9) variables were 

highly correlated and were reduced to three or four variables within each set. If two more 

seemingly unrelated variables were highly correlated the more straightforward (i.e., simple 

statistical variables over derived indices) was usually retained.  

 From the much smaller subset of variables, several automated techniques were used to 

further investigate the relationships for modeling. Forward and backward stepwise selection of 

variables was run using the minimum AIC as the criteria for termination. Also, an automated 

decision tree approach provided insight into some of the variables with the most explanatory 

power. Variable reduction was completed even though automated methods were available due to 

the tendency of model accuracy overestimation with large pools of predictor variables (Rencher 

and Pun 1980). At this point the negative influence of plots with exceedingly little canopy cover 

was noted, and a single plot with a measured LAI value <0.1 was removed. The remaining set of 

plots, a total of 225 after cedar and balsam fir were removed, was randomly divided into two-

thirds calibration (150 plots) and one-third validation (75 plots). From the most significant 

variables discovered through automated methods, manual forward stepwise selection was 

performed using expert knowledge and live-updating sum of squares, a measure of the reduction 

of error if the variable is added to the model. Variable addition terminated when a suitable and 

realistic balance between the highest R
2
 and the lowest total number of predictor variables was 
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reached (StatSoft 2012). Model residuals were graphed and were seen to be uniformly 

distributed. Three separate models were created: i) LiDAR only predictor variables; ii) 

vegetation indices and iii) a combination of LiDAR predictor variables with the vegetation 

indices. Validation of the model was done using a matched pairs t-test. 

3.6  Predictive Mapping 

 The creation of a regression model allowed for the entire Hearst Forest to be mapped for 

LAI at the 20 m scale of the predictor surfaces. Using Raster Calculator in ESRI
©
 ArcMap 10 the 

individual layers were weighted and combined to create a continuous LAI surface. Areas with 

water were masked out, and values less than zero were reclassified to a ‘null’ class which 

included areas of bare ground, man-made structures and other non-vegetated surfaces. 
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Chapter 4 - Results and Discussion 

 This chapter presents and discusses the results of the regression models developed for 

estimating LAI using LiDAR and high resolution optical remote sensing data. It also describes 

the breakdown of information gathered from the analysis and consolidation of DHPs for plots in 

the Hearst Forest. 

4.1  Leaf Area Index Estimation 

 Hemispherical photographs were processed to estimate LAI using a combination of DHP 

and TRACWin software. Descriptive statistics for all plots and the final set of plots (i.e., with 

balsam fir and ‘open’ plots removed) can be seen in Table 8, with the final LAI distribution in 

Figure 10. LAI data for each plot, along with predominant species and proportion of the species 

(by basal area) are presented in Appendix B. It can be seen that while removing specific plots 

from the study did not affect the overall mean, the minimum, maximum and standard deviation 

of the final set were impacted. Maximum values removed correspond to the overestimated 

balsam fir plots, while minimum values removed correspond to the one very open plot. While the 

range appears to be relatively large, over 90 percent of the LAI values fall between 1.0 and 3.5. 

This narrow range is not ideal for regression analyses, in spite of the fact that sampling was 

specifically planned to acquire data from within some of the anticipated ‘tails’ of the LAI 

distribution. The distribution of values is statistically normal, a prerequisite for model 

generation.  
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Table 8 - Overall and final LAI statistics by plot 

 All Plots Final Plots 
Mean 2.29 2.26 

Standard Deviation 0.91 0.83 

Range 5.88 4.64 

Minimum 0.09 0.37 

Maximum 5.97 5.01 

Total Count 236 225 

 

 

 

Figure 10 - Histogram of LAI values from 226 final model plots 

 The statistics presented in Table 8 are based on the mean of all nine DHPs collected for 

each plot. Testing was performed to investigate the effects of the positioning of the DHPs 

collected at each plot (Figure 4). The same statistics using: i) the five DHPs within the plot 

boundary (i.e., centre and four cardinal directions within the 11.3 m radius); and ii) the centre 

DHP alone are presented in Table 9. Over the three scenarios (i.e., nine DHPS, five DHPs and 

one DHP), the LAI mean remains constant, likely due to the large number of samples and small 

range of LAI values. As the number of photographs used in the calculations at each plot 
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decreases, the standard deviation and range of values increases. Conversely, at the intra-plot 

level five DHPs in the cross pattern have less variation than the nine DHPs. This trend, which 

seems unexpected, is likely caused by: i) the tighter spacing of the center and immediately 

adjacent DHPs; ii) the probable overlap of fields-of-view within adjacent DHPs; and iii) the fact 

that these DHPs are more likely to fall within the densest central portion of potentially smaller 

forest stands.  

Table 9 - Descriptive statistics of three trials using different combinations of DHPs to estimate 

LAI 

LAI Statistics All DHPs (9) 

 

 () (9) 

Cross Pattern (5) Centre (1) 

Mean 2.26 2.26 2.26 

Standard Deviation 0.83 0.86 0.97 

Range 4.64 4.68 6.00 

Minimum 0.37 0.32 0.12 

Maximum 5.01 5.00 6.12 

Intra-plot Standard Deviation 0.38 0.36 -- 

 

While the statistics above demonstrate that there are only small statistical variations in 

LAI between sampling designs, Figure 11 illustrates in more detail the plot-by-plot differences 

observed between full and subset sampling. With a 1:1 line shown, there appears to be strong 

correlation (R
2
 = 0.84) at the single DHP level, albeit with a moderate spread and general 

overestimation at higher LAI values. The variability around the 1:1 line results from the lack of 

any averaging, and the overestimation is likely because of the nature of the original plot 

selection. A small number of plots represent smaller forest stands close to the size of the DHP 

grid. These few small stands were originally visited to ensure adequate species representation in 

the initial studies undertaken in Hearst. This size discrepancy means that the central photograph 

was usually placed in the densest, central part of the stand. Examining some WorldView-2 

scenes in both the multispectral and panchromatic confirms that several of the overestimated 
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plots indeed fall in these smaller pockets. When using five DHPs within the plot a near-perfect 

correlation (R
2
=0.98) to the full nine photograph sample is seen, with minor variability around 

the 1:1 line and only slight overestimation at higher LAI values. From this figure it could be 

argued that future research in this area could be completed using a five photograph cross pattern 

with almost no loss of accuracy and perhaps provide a more accurate representation of the plot. 

 

Figure 11 - Comparison of plot LAI between full nine DHP average (X-axis) and both single 

central DHP and cross pattern average 

 

4.2  LiDAR Modelling 

Models were generated for LiDAR and NDVI predictors individually, as well as a 

combination of the two datasets. The steps involved in developing a LiDAR model involved 
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variable reduction, selection, and finally application of the model to a full-forest predictor 

surface. 

4.2.1  LiDAR Predictor Variable Selection 

 From the 53 original LiDAR predictor variables, variable selection was performed using 

scatterplot matrices and correlation analysis. Some of the most simple exclusions were variables 

from different sets that had similar calculations (e.g., median and P50, standard and absolute 

deviation). As median and P50 are actually the same value, it was simple to remove P50 from the 

potential list. Other variables like the Shannon Weaver Index (H) and the VCI were so closely 

related that it was easy to eliminate the more complex variable, H. The most difficult variables to 

exclude were height and density metrics, as they provided a large amount of information, but 

were also severely inter-correlated. Percentile variables correlated strongly with their adjacent 

variables (i.e., P20 to both P10 and P30) ranging from R
2
’s of 0.80 to 0.98, and adjacent density 

variables were even more inter-correlated, ranging from R
2
’s of 0.89 to 0.97. Based on inter-

correlations and correlations to LAI itself, 22 predictor variables were selected for model 

development (Table 10). 

4.2.2  Calibration Model 

 Using automated decision tree and forward and backward, step-wise, automated variable 

selection methods within the model generation framework of JMP
©
, several key variables began 

to emerge. Covariance (i.e., standard deviation divided by mean) and VCI were highly influential 

components of automatically derived models. As well, several other variables relating to 

vegetation complexity were flagged for later inspection: i.e., absolute standard deviation, DA 

(i.e., first return divided by all returns) and DV (i.e., first vegetation return divided by all 

returns). Interestingly, height and density metrics were not selected earlier than 5
th

 or 6
th

 in 
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automatic variable selection, and did not provide much additional explanatory power to the 

model. 

Table 10 - Final suite of LiDAR predictor variables 

LiDAR Predictor Description 

ABS_DEV Absolute Standard Deviation 

KURTOSIS Kurtosis 

P10 First Decile LiDAR Height (m)  

P40 Fourth Decile LiDAR Height (m) 

P60 Sixth Decile LiDAR Height (m) 

MAX Maximum height (m) 

D1 Cumulative percentage of the number of returns found in Bin 1 of 10 

D5 Cumulative percentage of the number of returns found in Bin 5 of 10 

D9 Cumulative percentage of the number of returns found in Bin 9 of 10 

DA First returns / All Returns 

DV First Vegetation Returns / All Returns 

MEDIAN Median Height (m) 

VDR Vertical Distribution Ratio = VDR=[Max−Median] / Max 

COVAR Covariance (STD / Mean) 

CanCOVAR Covariance (STD / Mean) of first returns only 

VCI Vertical Complexity Index  

FIRSTVEG Number of First Vegetation Returns only 

ALLGROUND Number of Ground Returns 

cc2 Crown closure >= 2 m 

cc6 Crown closure >= 6 m 

cc12 Crown closure >= 12 m 

cc20 Crown closure >= 20 m 

 

 Using manual entry and expert knowledge, in conjunction with monitoring the sum of 

squares and F-ratios, these remaining key variables were passed together in various 

combinations. This analysis generated the final model from the randomly selected calibration 

dataset of 150 plots (Equation 4): 

 

                                                            [4] 
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This model has an adjusted R
2
 of 0.54 and RMSE of 0.56 (RMSE% = 24.2). All 

parameters are statistically significant at the <0.0001 level, with the exception of VCI at a 

slightly higher value (i.e., p=0.009). The Durban-Watson test for residual autocorrelation gave a 

value of 1.07 and autocorrelation probability of 0.44, upholding the null hypothesis of a lack of 

autocorrelation. A plot of model residuals lacks heteroscedasticity (Figure 12) and residuals 

statistically pass a Shapiro-Wilk W test for normality (Prob<W = 0.56). 

 

Figure 12 - Calibration model residual plot 

 The inclusion of these variables suggests some interesting aspects about the model and 

LiDAR prediction of LAI in general. Covariance exhibited a strong, negative correlation to LAI 

(R
2
 = 0.42); i.e., as LAI increased, covariance decreased (Figure 13a). High covariance 

corresponds to high standard deviation (i.e., more open, penetrable, variable canopies), and/or 

low mean height (i.e., shorter, immature trees). It was anticipated that a variable of this nature 

would be included in the final model since it is a coarse surrogate for gap fraction (i.e., greater 
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penetration = higher gap fraction = lower LAI). In laboratory controlled experiments with high 

density laser scanners and artificial trees it has been shown that increased leaf count corresponds 

to a decrease in pulse return density at greater distances into the canopy, thereby increasing 

standard deviation (Moorthy et al. 2008).  

 

Figure 13 - Comparison of LAI and A - Covariance, B - VCI, C - DA, and D - crown closure 

(>=6m) for n = 225 plots 
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Other predictor variables did not exhibit strong correlations to LAI. However, the nature 

of MLR is that the combination and interplay of trends between predictor variables can often 

generate more explanatory power than an individual variable. Figure 13b illustrates the relatively 

weak positive correlation between LAI and VCI. VCI is a variable similar to covariance, in that 

it is a measure of the structural complexity of the forest canopy, but inverse to covariance, as 

high VCI corresponds to high LAI (i.e., multi-layered forest canopy) (Van Ewijk et al. 2011).  

DA (i.e., first return divided by all returns) was another variable that linked closely to the 

concept of gap fraction and how much penetration a canopy allows (Moorthy et al. 2008). As the 

number of first returns was equal to the total number of laser pulses transmitted (i.e., a near-

constant value for each equal area plot), the only changing variable in DA was the total number 

of returns. If the canopy is dense, the pulse is occluded and there is a higher chance of the first 

return being the only return; more open canopies allow for greater pulse penetration and a higher 

chance of two or three returns. The expected relationship was therefore that higher DA values are 

indicative of higher LAI. That trend was not observed clearly with this dataset, as there were 

many low LAI values which actually had the highest DA value (Figure 13c). It was observed that 

in non-vegetated, completely open areas the same high DA values can be seen, given first returns 

(i.e., only returns) were ground returns. Since this dataset contained only plots that were 

vegetated to some degree, a non-linear relationship would not be expected, but this trend may be 

partially responsible for odd artifacts in clear-cut areas in the full forest LAI estimate surface. 

Crown closure (>=6 m; cc6) was the predictor variable most unlike the others as it was 

not a measure of statistical spread or the direct complexity of the canopy. Crown closure at each 

height was calculated as a proportion of the number of 2 m sub-pixels within the 20 m pixel that 

matched the height criteria to the total number of pixels (i.e., 100). As a measure of how closed 
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the canopy was looking down from above to a certain height, cc6 was an interesting substitute 

for gap fraction. This trend shows that higher LAI corresponds to greater crown closure at six 

metres and above (Figure 13d). The basis of this relationship is that for the plots investigated, six 

metres is below a significant portion of the canopy, and is definitely above understory 

vegetation. Maximum tree height in each plot is close to 15 m, so all vegetation greater than six 

metres is a good indication of total crown closure. This particular relationship compares 

especially well with the LAI values as the camera system was mounted 1.3 m from the ground 

and processing eliminated a conical field of view 18° above the horizon. Selecting six metres as 

the particular height to use from the suite of two metre intervals was done through the same step-

wise methods as the primary model. Six metres was chosen as the variable from the low height 

ranges (i.e., two – eight metres) that had the most explanatory power in the model. 

The lack of height (P‘XX’) and density (D‘X’) metrics captured in the model was 

noteworthy as these tend to be predominant in modelling many other forest inventory variables 

(e.g., biomass, height, density) (e.g., Woods et al. 2008, Woods et al. 2011, Treitz et al. 2012). 

This absence likely stems from the fact that although the P‘XX’ and D‘X’ variables do give a 

general measure of canopy penetration and complexity, there were other variables in the LiDAR 

suite that were better surrogates for canopy gap fraction. Rough trials using only basic height and 

density metrics as potential inputs to a stepwise model proved that satisfactory models could be 

created, albeit at lower R
2
’s (e.g., 0.40 – 0.45). The lower accuracy may be an acceptable trade-

off for users hoping to generate more basic, easily interpretable models, where simplicity could 

outweigh a small amount of error. Overall, this portion of the study provides interesting insight 

into the relationships between these height and density metrics and variables more related to 
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overall canopy characteristics and crown closure. LAI seems to be more reliably estimated with 

the latter. 

4.2.3  Validation Model 

 Using the remaining 75 plots as validation, the model was run with the same predictor 

variables. This dataset results in an adjusted R
2
 of 0.58 and RMSE of 0.54 (RMSE% = 24.9). 

Predictor coefficients stayed relatively constant, with the exception of VCI, whose coefficient 

changed to 0.89 from 1.63 while the intercept of the model changed to -1.4 from -2.13. Using the 

regression model created with the calibration dataset to estimate values of LAI for the validation 

dataset resulted in the trend of predicted versus in situ estimated values presented in Figure 14. 

An R
2
 of 0.58 (p<0.0001) corresponds well to the explanatory power of both the calibration 

model (R
2 

= 0.54) and the calibration model applied to the validation dataset (R
2 

= 0.58). A 

matched pairs test of the predicted and in situ estimated values shows no difference, statistically, 

with a null hypothesis-refuting (H0 = the data sets means are statistically different) p-value = 

0.13. Scatter around the 1:1 line may be partially due to the time lag between the acquisition of 

the LiDAR data (i.e., summer 2007) and in situ data collection (i.e., summer 2011). This 

phenomenon may have most affected younger plots, which had potential to gain most biomass 

and leaf area. 
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Figure 14 - Predicted versus in situ estimated LAI values for n = 75 validation plots 

 

 Existing work using LiDAR alone to estimate LAI tends to show marginally better results 

than what was discovered here, but for different forest environments. A temperate coniferous 

forest study by Jensen et al. (2008) was able to obtain an adjusted R
2
 of 0.65 for their true LAI 

model and a slightly higher value (R
2
 = 0.68) when examining LAI values without clumping 

index processing. Their final model also used four predictors: i.e., crown closure above breast 

height, covariance above breast height and two simple percentile variables. As their study had an 

even larger suite of predictor variables to draw from than this study it is significant that they also 

found utility in a low height crown closure and covariance variable. The stronger explanatory 

power of the Jensen et al. (2008) model is most likely related to either the different species in the 
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temperate coniferous forest of Idaho, or the use of an LAI-2000 instead of DHP for in situ data 

collection. 

 Another coniferous study in the eastern United States showed even better results (Peduzzi 

et al. 2012). This study compared in situ LAI derived from the LAI-2000 to LiDAR metrics 

derived from high density LiDAR (i.e., 5 pulses m
-2

) for intensively managed loblolly pine 

(Pinus taeda L.) plantations. Results were presented for five models with an incrementally 

greater number of predictors; adjusted R
2
 ranged from 0.61 with two predictors to 0.82 with six 

predictors. The comparable, four variable model to our study obtained an adjusted R
2
 of 0.78 and 

used very different predictors: i.e., mean (>1 m), P20 (>1 m), LPI (Laser penetration index – 

ground returns / [ground returns + all returns]) and mean intensity. This was one of the only 

studies discovered that incorporated LiDAR intensity values alongside height and density 

metrics, and that likely made the model less robust; spectral information is more apt to differ 

spatially and definitely if used on different species. High model explanatory power was likely 

linked to the single species (i.e., plantation) nature of the study. 

4.2.4  Prediction Surface 

 Using the regression model (Equation 4) in conjunction with predictor surfaces for each 

variable calculated at a 20 m cell size for the entire Hearst Forest, an LAI predictive surface was 

generated (Figure 15; Appendix C). LAI values range from 0 to 4.89, after masking for water 

and non-vegetated/manmade areas which caused the model to return negative values. Even at the 

20 m scale that is necessary when working with such a large spatial area (i.e., 1.2 million ha), a 

large amount of detail can be observed. Distinct pockets of high LAI can be seen throughout the 

central and north-west-central areas (Figure 15). In the north-west corner the vegetation density 

coincides with the topographic variation suggested by the lake network. Areas of low or negative 
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LAI tend to be clustered in particular regions. The shape and distribution of area of low LAI in 

the north-east and south-central areas suggest recent harvest. Similarly, areas of low LAI in the 

extreme north-west likely indicate open areas (e.g., exposed bedrock, wetland), an example of 

which can be seen in the pan-sharpened image in Figure 16. A network of logging roads can be 

seen through some of the denser central regions, with a major road crossing the north-west 

quadrant of the image. There are no other manmade features in this particular scene. Appendix C 

shows the entire Hearst Forest (i.e., 20 m pixel size); Figure 15 is located in the western portion 

of the forest, just north of the largest lake seen in Appendix C.  
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Figure 15 - Predictive LAI surface of the central Hearst Forest (approximately 400 km

2
) 
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Figure 16 - Example of open area that corresponds to low predicted LAI 

It should be noted that the full map in Appendix C exhibits a moderate degree of north-

south banding. This pattern is an artifact of the flight line overlap in the LiDAR data. Normally, 

data are coded to allow for the removal of half the points in these overlap areas, but, for whatever 

reason, this vendor did not, resulting in higher point densities for some portions of the area. The 

overlap impacted height and density variables (e.g., P10, P20, D1, D2) the most, due to the 

increased density providing a more complete vegetation profile (M. Woods, personal 

communication, July 2, 2012). Crown closure above 6 m and, to a lesser degree, covariance are 

the only variables in the LiDAR model that contribute to this patterning. The pattern is not 

visually apparent in Figure 15 due to the small area being viewed and this reinforces the spatial 

magnitude of the striping, especially when considering the 20 m pixel size. It is anticipated that 

error caused by this striping pattern contributes very little towards the overall error of the model. 
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4.3  Normalized Difference Vegetation Index  

 Using the atmospherically corrected WorldView-2 data, an NDVI surface with 2 m 

spatial resolution was created and mean values were extracted for each plot (Figure 17). These 

NDVI values were compared to plot LAI values in an attempt to determine whether there was a 

relationship between NDVI and LAI for the Hearst Forest using these particular data (i.e., DHP 

and WorldView-2).  

 

Figure 17 - A) Normal colour composite (RGB: Red/Green/Blue); B) colour infrared composite 

(NIR1/Red/Green); and C) NDVI image of a sample area in the Hearst Forest 
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4.3.1  LAI and NDVI Relationship 

 Upon plotting NDVI versus LAI at the plot level, it was apparent both visually and 

statistically (i.e., R
2
=0.01) that the expected correlation between NDVI and LAI was not present 

(Figure 18). As a result, further testing was conducted to confirm the lack of a relationship 

between NDVI and LAI. 

 

Figure 18 - WorldView-2 NDVI versus LAI for n = 122 plots 

 It was hypothesized that perhaps the unique spectral, spatial or acquisition characteristics 

of the WorldView-2 data had some effect on the validity of the NDVI comparison. One of the 

most common sensors used in NDVI/LAI studies is Landsat, with a pixel size of 30 m 

(WorldView-2 = 2 m) and red/near infrared wavelengths of 0.63-0.69µm/0.76-0.90µm 

(WorldView-2 = 0.63-0.69µm/0.77-0.89µm) (National Aeronautics and Space Administration 
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2012, DigitalGlobe 2010). A Landsat-5 scene, acquired August 14, 2008, was obtained for the 

same region as the WorldView-2 coverage and an NDVI surface was generated. These data were 

resampled to 2 m for processing parity; the mean for each plot was extracted from the Landsat 

NDVI surface. Figure 19 illustrates the positive relationship between the two NDVI datasets (R
2 

= 0.61). A matched pairs test of the WorldView-2 and Landsat values shows no statistical 

difference, with a null hypothesis-refuting p-value of 0.37. This relationship shows that the 

WorldView-2 NDVI values are not overly erroneous. The Landsat scene covered a slightly 

different area than the WorldView-2, resulting in the slightly smaller sample of 118 plots. 

 

Figure 19 - NDVI calculated with Landsat-5 versus WorldView-2 for n = 118 plots 

The results of this portion of the study were not entirely unexpected. A previous study by 

Chasmer et al. (2008) examined the relationships between DHP and optically (i.e., MODIS) 
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derived LAI across several different forest types. They found poor correlations for sites that had 

open canopies, branches extending to the ground surface, and relatively low LAI values, 

particularly in black and white spruce stands. Studies with conflicting results include Stenberg et 

al. (2004) and Chen and Cihlar (1996), which use Landsat TM and ETM data, respectively. 

Stenberg et al. (2004) found the NDVI/LAI correlation coefficient to be 0.55 in managed pine 

and spruce stands in Finland with LAI ranging from 0.36 – 3.72. One of the first to use NDVI to 

estimate LAI in boreal Canada, Chen and Cihlar (1996) obtained R
2
’s of 0.50 and 0.42 for their 

two campaigns. LAI values ranged from 0.92 – 4.17. 

It was originally surmised that the poor correlation was primarily due to a combination of 

the high spatial resolution of the sensor and the low spatial density of individual trees in the 

Hearst Forest (i.e., open canopy), resulting in significant reflectance from the ground surface. 

Figure 20 demonstrates the scale of observation for each sensor (i.e., WorldView-2 and Landsat-

5) in relation to several pure black spruce plots. Landsat-5 has significant, inherent averaging of 

reflectance, while Worldview-2 shows distinct tree crowns and gaps with associated shadows. 

While this phenomenon impacts measurements at the pixel level with WorldView-2 data, it is 

assumed that this is not the problem in this study. As was discussed in Chapter 3, for each plot 

the mean NDVI value was calculated, so the values being used for the WorldView-2 calculation 

include both crown and gap values, technically replicating the Landsat data, which integrates 

reflectance of each of these surfaces within the 30m pixel. Even studies using lower spatial 

resolution sensors like AVHRR (i.e., 1 km resolution) or MODIS (i.e., 500 m resolution) 

obtained correlation coefficients between 0.39 and 0.46 (Wang et al. 2005). 



62 

 

 

Figure 20 - Comparison of texture levels for WorldView-2 (left) and Landsat-5 (right). Plots in 

red (11.3 m radius) 

 

The most reasonable explanation for the poor performance of optical data in estimating 

LAI is due to the open canopies and the introduction of alternate understory spectra into the 

NDVI calculations. One of the failings of the DHP product was that it only provided an estimate 

of LAI from the focal point of the lens upwards; i.e., 1.3 m. The cover below 1.3m for the study 

sites ranged dramatically and included bare ground, thick moss and/or leafy shrubs, thereby 

impacting the NDVI values derived for these open canopy mixedwoods. As seen in several 

successful LiDAR studies, variables tend to be used that exclude this understory vegetation by 

implementing a height threshold of approximately one metre (e.g., Morsdorf et al. 2006, Jensen 

et al. 2008, Peduzzi et al. 2012).  

Deriving a statistical relationship is also difficult, given the narrow range of the NDVI 

and LAI values being compared. NDVI values ranged from 0.47 to 0.77 (range of 0.30) and LAI 
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from 0.57 to 4.20 (range of 3.63). This range affects the ability of regression models to 

accurately depict trends in these data. Previously discussed successful models (e.g., Davi et al. 

2006) have ranges of LAI values as large as 0.2 to 8.5 and NDVI ranges from 0.6 to 0.93, and 

other studies have found that the wider ranges of other, non-normalized SVIs are better suited to 

LAI analysis (e.g., Eklundh et al. 2003, Stenberg et al. 2004). As the plot sampling was 

specifically designed to sample both dense and relatively open areas, as judged by basal area 

measured the previous summer, this limited range is a product of the forest structure itself. The 

extensive single species dominance in some areas and physical similarity between several of the 

dominant tree species (e.g., trembling aspen/balsam poplar, white spruce/black spruce) generate 

similar canopy conditions in the boreal environment, exhibiting a low and narrow range of LAI. 

4.3.2  Additional SVI Testing 

Expanding on some SVI and LAI work discussed in Chapter 2 (e.g., Turner et al. 1999, 

Stenberg et al. 2004) both the SR and RSR vegetation indices were calculated and examined for 

any relationships that might be discovered with LAI (Figure 21). Equations 5 and 6 give the form 

of the two indices (Brown et al. 2000). 



64 

 

 

Figure 21 - Comparison of True Colour Composite (left), Simple Ratio (centre) and Reduced 

Simple Ratio (right) SVIs 
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 The SR was straightforward to implement, but the intended band for the NIR2 portion of 

the RSR is Landsat TM band 5, centred on 1.65 µm. As a substitute, WorldView-2 band 8 (i.e., 

0.91 µm) was used, with values of 500 and 1050 the minimum (i.e., closed canopy reflectance) 

and maximum (i.e., open canopy reflectance) across the 300 km
2
 area of the 16-bit sensor. Figure 

22 shows the relationships for the SR and RSR. Neither dramatically improves the relationship 

observed between NDVI and LAI, with the SR giving the same R
2
 of 0.01 and the RSR giving a 

slightly higher R
2
 of 0.10. The marginal improvement is likely due to the wider data range of the 

non-standardized variables influencing the coefficient of determination. As the SR uses the same 
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bands as NDVI it is not unexpected that the relationship remains poor. The inclusion of the NIR2 

band for the RSR along with its bounding terms had potential for improvement, but the 

relationship is still not sufficiently strong for any modeling potential.  

 The RSR was initially detailed in a paper on LAI in temperate coniferous forests (Nemani 

et al. 1993), and has since also been used in the boreal forest of Saskatchewan and Manitoba 

(Brown et al. 2000). The original study found that the additional correction factor in the new SVI 

improved upon traditional NDVI correlations (R
2
 = 0.32) by dramatically reducing index values 

for low LAI regions (RSR R
2
 = 0.64). While Brown et al. (2000) only compared RSR to SR, 

there also appeared to be a reduction of index values for low LAI values, improving R
2
’s from 

0.12 to 0.55. The inability of this index to relate to LAI in the Hearst Forest is unusual, but again 

likely has to do with the particular species and land cover, as well as the new sensor. Both 

studies described above used Landsat TM. 
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Figure 22 – A) Simple Ratio and B) Reduced Simple Ratio versus LAI for n = 122 plots 
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Also tested for a relationship with LAI was the standard deviation of NDVI within each 

plot, after Davi et al. (2006). The rationale behind this potential relationship is that plots with 

higher variance (i.e., greater inclusion of gap, understory pixels) have lower LAI, while plots that 

are more uniform (i.e., thick, closed canopy) have a higher LAI. While this trend was seen in the 

study mentioned above, such a trend is absent here (Figure 23). This lack of trend could again be 

due to the small range of LAI values, the included understory, or the canopy structure of the 

species studied in this forest. Davi et al. (2006) had a mixed deciduous forest dominated by oak 

(Quercus petraea [Matus] Leibl.) with bramble (Rubus fruticosus L.) and bracken (Pteridium 

aquilinum L.), very different than the vegetation regime in this study and perhaps resulting in a 

wider spectral variance. 

 

Figure 23 - Within plot standard deviation of NDVI versus LAI for n = 122 plots 



68 

 

4.4  Combination Model 

 While optical instruments alone proved insufficient to model LAI, further testing was 

done to investigate whether WorldView-2 data could improve the LiDAR model. Multiple linear 

regression models may be able to extract information from a combination of predictor variables 

that may not have been apparent in a simple regression model (De Veaux et al. 2005). As the 

WorldView-2 scene only covers a subset of the plots (i.e., 122), preliminary testing to evaluate 

model effectiveness was done using the full subset, with no calibration/validation subdivision. 

The first model to be tested was the initial LiDAR model shown in Equation 4 with the simple 

addition of the NDVI predictor variable. This new model has an adjusted R
2
 of 0.51 and RMSE 

of 0.52 (RMSE% = 22.5); coefficients can be seen in Equation 7. 

 

                                                         [7] 

 

Although it uses a different, reduced data set, it is apparent that the addition of the new NDVI 

variable does not improve the predictive ability of the existing LiDAR model. In fact, the NDVI 

predictor coefficient has a statistically non-significant p-value of 0.64. 

 The second model used the forward stepwise technique with the NDVI predictor variable 

pre-inserted into the selection. An additional four variables were automatically added to generate 

a comparable model to Equations 4 and 7. As seen in Equation 8, three of the previously 

included variables were added again, with covariance being replaced by D1, the proportion of the 

number of returns found in the lowest ten percent of the vertical canopy structure. The adjusted 

R
2
 of this model is 0.54 with an RMSE of 0.51 (RMSE% = 21.9). 

 



69 

 

                                                       [8] 

 

Unlike the previous models, only three variables are statistically significant in this model, with 

NDVI and VCI having statistically non-significant p-values; i.e., 0.35 and 0.17, respectively. 

 It would seem that the addition of other LiDAR variables in conjunction with NDVI does 

not improve the models sufficiently to warrant further testing. This result was not unexpected 

considering the extremely poor correlation of NDVI values to LAI. While the model in Equation 

7 has the same explanatory power as the LiDAR-only model and a slightly lower RMSE%, the 

addition of a completely independent optical dataset is not financially feasible for an operational 

implementation. One study that attempted a similar combinatorial approach using LiDAR 

coefficients integrated with SPOT-5 SVIs found an improvement from R
2
 of 0.75 to 0.79 (Jensen 

et al. 2008). This improvement to both explanatory power of the model and residual error (i.e., 

0.75 to 0.69) is small considering that both that the LiDAR-SPOT model used seven coefficients, 

including two SVI (i.e., RSR and standard deviation of the red band), and the additional expense 

of acquiring a second remotely sensed dataset. 

 The results discussed here present a strong case for LiDAR modeling of LAI as opposed 

to more traditional optical approaches, particularly for the boreal mixedwood forests of central 

Ontario. Given the open canopies typical of the Hearst Forest, high resolution optical data tend to 

integrate surface spectra from all components of the plot (i.e., canopy, understory and ground) 

and for this region exhibit a narrow range of NDVI values. Conversely, LiDAR allows for a 

distinction between the forest canopy and the underlying ground cover, allowing it to better 

estimate LAI for the forest canopy alone. 
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Chapter 5 -Conclusions and Recommendations 

This study was undertaken to examine several potential methods of remotely estimating 

LAI in the boreal forest of northern Ontario. Accurate and precise models of LAI allow for the 

monitoring of a wide array of LAI-dependant variables, e.g., biomass, productivity, general 

forest health. The ecological and commercial benefits to provincial and federal government 

agencies, as well as commercial forest managers, are far reaching. These benefits include more 

accurate predictions of harvest yields, better timing of forest management practices, periodic 

monitoring of invasive species progression, tracking carbon sequestration by vegetation, and 

more. The general result from this study shows that LiDAR data provide adequate LAI 

estimations to predict the variable over large spatial extents at moderate resolution. 

The following conclusions are presented based on the results of this study:  

1. It was determined that there were no statistical differences in in situ LAI estimates when 

five or nine DHPs were processed per plot. Similarly, there was no improvement in the 

relationships between SVI and a single DHP collected from the centre of the plot. Hence, 

the original sampling design of collecting nine DHPs per plot was retained for modelling 

LAI with LiDAR and WorldView-2 data. LAI for the final plots had a small dynamic 

range (0.37 – 5.01); values typical for the boreal forest of northern Ontario. 

2. The original LAI dataset was thoroughly tested and adhered to the assumptions and 

requirements for MLR. Models were then derived for the LiDAR and SVI datasets. 

i. LiDAR variable selection was performed, reducing the number of variables in the 

full suite from 53 to 22. This variable set was semi-automatically investigated for 

trends, and a final model was manually selected that included DA, covariance, 

VCI and crown closure (>=6 m). The variables selected tended to be 
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representative of whole canopy distribution, rather than individual statistical 

metrics (e.g., percentiles). The overall model produced an adjusted R
2
 of 0.54 

with a 24.2% RMSE (validation dataset R
2
 = 0.58, RMSE% = 24.9). The 

validation dataset produced statistically consistent results. 

ii. There was no relationship observed when comparing NDVI derived from 

WorldView-2 data and LAI derived from DHPs. The relationship was examined 

using three combinations of DHPs (i.e., nine, five and one) in order to determine 

if plot variability had an impact on the regression. Averaging at the plot level 

inherently smoothed some of the variability expected from the higher resolution 

WorldView-2 data. Testing concluded that this lack of relationship was not 

erroneous; i.e., separate sensors (i.e., Landsat) verified that the NDVI calculations 

were accurate. The most probable causes of the failure were twofold. First, the 

low density of the boreal forest (i.e., open canopy) resulted in a significant 

inclusion of understory spectra contributing to the reflectance, thereby skewing 

NDVI results. Second, the vegetation of the boreal forest itself has inherently low 

ranges of LAI and NDVI, making it difficult for regression models to generate a 

significant trend. Other SVI indices (i.e., SR and RSR) and metrics (e.g., NDVI 

standard deviation) were investigated, but also failed to provide explanatory 

power due to the similarity of spectral bands used and the contributions to 

reflectance of the understory components. 

iii. The combined model utilizing LiDAR and optical data also proved unsuccessful. 

Neither the original LiDAR model with NDVI inserted nor a new model built 

around NDVI improved the explanatory power of the original LiDAR-only 
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model. This lack of success demonstrated that there were no within-data trends 

that could be exploited by the MLR framework. 

Recommendations 

 Future studies of this type could benefit from these modifications or additions: 

1. A good sampling design is crucial for the success of a project. In these types of studies, it 

is important to account for as large a range of LAI values as possible when sampling 

forest plots. This improved distribution, with increased high and low LAI values, may 

increase the ability of both LiDAR and SVI models to accurately predict LAI. Past, 

successful studies exhibited LAI ranges from approximately 0.5 to 6, and while this may 

not be physically possible for the Hearst Forest, expanding the high and low ends of the 

distribution with extra samples should improve model accuracy and precision across all 

local forest conditions. 

2. In addition to sampling a wide range of LAI, a wide range of NDVI, or equivalent SVI, 

would provide the same improvements as the above recommendation. From a sampling 

perspective, a priori investigation of satellite NDVI data may have identified areas of low 

and high NDVI, thereby providing potential sampling sites of low and high LAI. This 

was not possible with the WorldView-2 data, since these data did not exist for Hearst 

prior to the initiation of the field campaign. 

3. As per findings earlier in this study, the number of DHPs taken within each plot could be 

reduced dramatically from nine to five with minimal impact on the LAI values derived. 

This modification would significantly reduce the amount of time spent sampling at each 

plot, and would allow for additional sampling to be conducted. 
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4. In order to obtain a better understanding of trends within the data it may be beneficial to 

reduce the full dataset down into smaller subsets; i.e. by tree species or even species by 

age class. In this forest environment, these divisions may consist of black spruce (white 

spruce and tamarack included), jack pine, and mixedwoods (white birch, trembling aspen 

and balsam poplar), which, with the current data, would yield sub-groups of 132, 40 and 

53 samples, respectively. Separate models may reveal trends not observed in the full 

dataset. 

5. As none of the basic SVIs derived from WorldView-2 data provided any insight into 

LAI, likely a result of canopy closure/understory variance, it may be suitable to 

investigate SVIs that incorporate a soil or understory vegetation baseline coefficient 

derived from spectral endmembers. To test other SVIs that incorporate spectral unmixing 

to distinguish canopy from understory reflectance, would require spectral measurements 

from beneath the canopy (Huete 1988, Keshava and Mustard 2002). These measurements 

could be most easily done with a handheld spectroradiometer. 
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Appendix A – Examples of DHP for varying LAI conditions and species 

These DHPs show a range of LAI values from minimal to heavy cover for the most 

common species in the Hearst Forest. Numbers represent LAI. 

 

      Black Spruce     Trembling Aspen 
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Appendix B - Species, majority proportion and LAI per plot 

This appendix provides the full plot detail for each plot in this study. Plot identifiers 

follow the convention of a site class, followed by an age class (i.e., ‘J’uvenile, ‘P’ole, ‘M’ature, 

‘O’vermature) and unique identifier. Cedar plots were not assigned an age class. 

 

Plot ID Species Proportion (%) LAI 

LC107 LA 74 2.79 

LC108 SB/SW/LA 69 2.79 

LC119 SB/LA 53 2.25 

LC121 SB/LA 73 3.42 

LC123 LA 86 2.38 

MWCm03 SW 53 3.47 

MWCm04 SW 28 2.62 

MWCm05 SW 42 2.99 

MWCm07 SW 47 2.80 

MWCm15 PT 33 2.81 

MWCm17 SW 48 1.34 

MWCm18 SW 49 1.89 

MWCm19 SW 42 1.58 

MWCo16 SW 69 2.03 

MWCp01 SW/SB 47 3.92 

MWCp09 SW  77 3.10 

MWCp11 SW 87 4.14 

MWCp13 LA/SB 95 3.13 

MWCp14 SB/SW 51 3.21 

MWCp23 SW 51 5.01 

MWCp25 BW/PB 47 3.87 

MWCp27 SW/SB 65 4.04 

MWCp28 SW/SB 93 3.36 

MWCp29 SW 66 2.86 

MWCp31 SB/SW 76 3.37 

MWCp34 SW 71 3.79 

MWCp40 PJ 77 1.87 

MWCp41 PJ 89 3.47 

MWCp42 BW 45 1.03 

MWCp45 SB/SW/LA 55 4.54 

MWHj21 PT 83 1.55 

MWHj33 PJ 100 0.72 

MWHm03 PB/BW 81 1.35 

MWHm05 PB 85 2.55 

MWHm06 PT 84 0.57 
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MWHm51 PB/PT/BW 65 1.37 

MWHo02 BW/PB 71 3.18 

MWHo08 PT/PB 46 2.12 

MWHo44 PT/PB 62 2.62 

MWHo45 PT/PB 88 1.99 

MWHo47 BW 79 2.02 

MWHo48 BW/PT 64 2.11 

MWHo49 PT/BW 69 1.80 

MWHo50 BW 67 1.95 

MWHp08 PT 54 2.81 

MWHp11 PT/PB/BW 53 3.67 

MWHp12 PT 91 2.05 

MWHp13 PT 73 2.59 

MWHp21 PT/BW 78 2.61 

MWHp30 PB/PT 42 3.31 

MWHp34 PT 78 1.49 

MWHp35 PB/BW/PT 88 0.59 

MWHp52 BW 53 2.40 

MWHp53 BW 43 1.80 

PJ2j05 PJ 100 2.77 

PJ2j44 PJ 100 1.41 

PJ2j66 PJ 100 0.54 

PJ2m37 PJ 60 2.80 

PJ2m38 SB 65 2.71 

PJ2m50 PJ 67 2.97 

PJ2o27 PJ 68 2.85 

PJ2p01 PJ 97 1.95 

PJ2p02 PJ 99 1.94 

PJ2p03 PJ 84 1.77 

PJ2p04 PJ 100 2.18 

PJ2p06 PJ 100 2.81 

PJ2p07 PJ 100 2.59 

PJ2p10 PJ 87 2.75 

PJ2p15 PJ 100 1.30 

PJ2p16 PJ 100 1.38 

PJ2p17 PJ 100 1.28 

PJ2p18 PJ 100 2.89 

PJ2p19 PJ 90 2.55 

PJ2p20 PJ 98 1.90 

PJ2p21 PJ 91 1.89 

PJ2p22 PJ 100 1.80 
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PJ2p23 PJ 59 2.45 

PJ2p24 PJ 94 2.21 

PJ2p25 PJ 84 2.41 

PJ2p26 PJ 97 1.70 

PJ2p28 PJ 96 2.51 

PJ2p29 PJ 96 2.36 

PJ2p30 PJ 100 2.28 

PJ2p31 PJ 100 1.84 

PJ2p40 PJ 100 1.36 

PJ2p41 PJ 89 2.37 

PO1m01 PB 91 1.68 

PO1m02 PT/PB/BW 44 2.66 

PO1m05 BW 68 2.39 

PO1m06 PT/BW 80 2.77 

PO1m08 BW/PB 77 1.86 

PO1m10 PB 59 2.04 

PO1m17 PT/PB 100 1.10 

PO1m18 PT 100 0.79 

PO1o03 PB 59 2.64 

PO1o11 PT 76 1.78 

PO1o13 PT 98 0.72 

PO1o24 PT 70 1.97 

PO1o25 PT 65 2.64 

PO1p04 PT 100 1.89 

PO1p07 PT 84 1.93 

PO1p09 PB/BW 92 1.88 

PO1p12 BW 71 2.20 

PO1p14 PT 74 2.88 

PO1p16 PT 84 2.19 

PO1p20 PT/BW/PB 76 2.62 

PO1p21 PT 84 2.02 

PO1p26 PT 92 2.35 

PO1p35 PT 82 1.66 

PO1p36 PT 100 1.95 

PO1p62 PT/PB 84 0.89 

SB1j28 SB 100 0.38 

SB1m02 SB 100 2.20 

SB1m03 SB 97 2.23 

SB1m04 SB 98 3.31 

SB1m08 SB 100 2.93 

SB1m09 SB 93 2.68 
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SB1m12 SB 100 2.53 

SB1m13 SB 100 2.07 

SB1m14 SB 93 2.19 

SB1m19 SB 100 2.11 

SB1m20 SB 99 1.74 

SB1m21 SB 91 1.46 

SB1m25 SB 89 2.88 

SB1m33 SB 97 1.52 

SB1m36 SB 100 3.17 

SB1m48 SB 100 2.35 

SB1m49 SB 100 2.43 

SB1m51 SB 100 2.59 

SB1o15 SB 96 1.08 

SB1o16 SB 82 1.68 

SB1o18 SB 86 2.01 

SB1o30 SB 100 2.18 

SB1o38 SB 100 3.25 

SB1o39 SB 100 1.25 

SB1o45 SB 100 2.31 

SB1o46 SB 100 3.06 

SB1o47 SB 100 1.92 

SB1o61 SB 100 2.77 

SB1o62 SB 100 2.71 

SB1p07 SB 96 1.58 

SB1p27 SB 65 1.09 

SB1p37 SB 100 3.39 

SB1p44 SB 100 1.12 

SB3m02 SB 88 1.91 

SB3m04 SB 99 2.14 

SB3m05 SB 100 2.32 

SB3m06 SB 96 1.84 

SB3m13 SB 70 2.57 

SB3m14 SB 91 1.85 

SB3m29 SB 100 2.33 

SB3m31 SB 93 2.09 

SB3m36 SB 87 3.07 

SB3m38 SB 91 2.20 

SB3o01 SB 100 2.53 

SB3o03 SB 100 2.04 

SB3o07 SB 100 1.10 

SB3o08 SB 97 2.16 
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SB3o09 SB 64 1.15 

SB3o10 SB 76 1.93 

SB3o11 SB 98 1.68 

SB3o25 SB 74 1.35 

SB3o26 SB 77 2.30 

SB3o30 SB 96 2.05 

SB3o37 SB 100 2.45 

SB3o38 SB 100 2.40 

SB3o40 SB 100 1.75 

SB3o41 SB 100 2.25 

SB3o52 SB 100 2.33 

SB3p22 SB/LA 100 1.15 

SB3p36 SB 100 2.01 

SB3p39 SB 100 0.76 

SB3p42 SB 86 0.43 

SB3p43 SB/LA 100 0.42 

SF1o01 SW 56 2.55 

SF1o03 SB 87 2.29 

SF1o04 SB 56 1.98 

SF1o05 PJ 43 2.13 

SF1o06 SB 100 2.26 

SF1o10 SW 36 2.61 

SF1o11 PJ 63 2.81 

SF1o15 PJ 53 2.43 

SF1o16 PJ 68 3.30 

SF1o20 BW 56 1.60 

SF1o21 SW 44 3.23 

SP1j33 SB 79 0.85 

SP1j37 SB/LA 100 0.88 

SP1j46 PJ 100 0.37 

SP1j52 SW/SB 100 0.67 

SP1m03 SW 92 2.95 

SP1m12 SB 91 2.23 

SP1m15 SB 87 3.42 

SP1m16 SB 99 2.92 

SP1m17 SB 90 2.31 

SP1m18 SB 99 2.55 

SP1m22 SW 91 2.97 

SP1m27 SW 59 3.15 

SP1m28 SB 100 2.52 

SP1m30 SW 80 3.22 
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SP1m31 SB 92 2.63 

SP1m32 SB 99 2.42 

SP1m39 SB 84 2.95 

SP1m41 SB 87 2.97 

SP1m56 SB 90 2.94 

SP1m60 SB/LA 97 1.28 

SP1m65 SB 42 3.15 

SP1p02 SB 98 1.58 

SP1p04 SW 76 2.32 

SP1p05 SW 89 2.59 

SP1p06 SB 84 0.90 

SP1p13 SW 100 2.13 

SP1p14 SB 44 4.20 

SP1p19 SB 88 2.20 

SP1p23 SW 97 2.88 

SP1p24 SW 99 3.04 

SP1p25 SW 62 3.32 

SP1p26 SW 61 3.62 

SP1p29 SB 100 1.64 

SP1p30 SB 93 1.25 

SP1p44 SB 75 0.59 

SP1p62 SB 62 2.61 

SP1p63 SB 80 1.58 

SP1p67 SB 98 3.05 

SP1p81 SB 86 2.84 

SP1p82 SB 100 3.91 
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Appendix C - Predictive Leaf Area Index map for the Hearst Forest (20 m pixels) 

The map of the Hearst Forest uses the LiDAR-only LAI model discussed in section 4.2.2. 

Banding issues are addressed in section 4.2.4. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


