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Abstract

Lidar intensity, a quantity analogous to backscatter, has yet to be fully exploited as an
information source in the characterization of coniferous forests. Intensity images appear
noisy due to (1) dynamic survey geometry, and (2) complex laser interactions in a
forested environment. The nature of these issues are explored, and a systematic procedure
for processing, visualizing, and normalizing the intensity data is presented. Despite high
variability among neighbouring intensity values, the data are inherently spatially
structured. Results from an investigation into the spatial pattern of intensity demonstrate
that (1) the scale and variability of global estimates of spatial autocorrelation derived
from raw intensity (point) data were markedly different between stands of different age,
and these differences were driven by the canopy and gap structure within each individual
stand, and (2) the magnitude of local estimates of spatial autocorrelation varied with
canopy height, and, particularly in old growth stands, these magnitudes are linked to

compositional factors such as species.
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Chapter 1 Introduction

1.1  Context

Forests cover nearly half of Canada’s landmass and are a major component of the
global economy and environment. Canada exports $44.6 billion of forest products per
year, which accounts for 19% of the global market (Natural Resources Canada 2006).
Ecologically, forests play an important role in producing oxygen and removing carbon
dioxide from the atmosphere. Forests also help to purify water and stabilize soil. As a
significant component of global carbon and hydrological cycles, forests play a central
role in regulating climate. Canada contains 10% of the world’s forests, and up-to-date
inventory and structural data are needed to support sustainable forest management.

Light detection and ranging (lidar) is an active remote sensing technology that uses a
pulsed near-infrared laser to determine the distance, or range to objects. Lidar data are
well suited to the capture of forest structure because of the ability of laser pulses to
penetrate through canopy gaps. High laser pulse rates result in near continuous sampling
of forest elements from the canopy top to the ground. Depending on the survey and
sensor configuration, lidar has the unique capability to detect the fine scale (<2m) spatial
arrangement of canopy material (foliage, branches, and boles) and gaps, both key
components of forest canopy structure (Parker 1995). In addition to capturing the vertical
and horizontal distribution of canopy material, some pulses reach the ground surface.
Generating a digital terrain model from these points enables standardization of all points
to vertical heights above a locally measured ground surface.

The ability of lidar to estimate forest canopy height has led to significant interest by the

forest science and management community. Several forest inventory attributes (e.g.,
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stand height, crown closure, and timber volume) can be derived from lidar canopy height
information. Height-based metrics have received considerable attention in the literature
(Maclean & Krabill 1986; Magnussen & Boudewyn 1998; Maltamo ef al. 2004; Nelson
et al. 1988; Patenaude ef al. 2004). In addition to height above ground, each lidar point
contains a backscatter value (termed intensity), which has yet to be fully exploited as an
information source in forest characterization. Intensity is expected to contain additional
information about forest composition and structure, such as species, moisture content,

leaf display, arrangement, and density (Schreier et al. 1985).

1.2 Rationale

Exploring the utility of lidar intensity is a timely research opportunity, however
significant challenges exist. There are numerous technical issues, such as calibration, that
must be considered a priori—before interpreting intensity data, or exploring the linkages
between intensity and forest structure. The first goal of this thesis is to develop
systematic routines for processing, visualizing, and normalizing intensity data.

Over the past 20 years, research has demonstrated that lidar data can successfully
capture forest stand attributes of commercial interest, such as canopy height and timber
volume. Traditionally, a forest stand is defined as “a contiguous group of trees
sufficiently uniform age-class distribution, composition and structure...to be a
distinguishable unit” (Franklin & Van Pelt 2004: 27-28). This definition implies
homogeneity within the stand, and that stand-level attributes, such as canopy height, are
sufficient descriptors of forest structure. Yet, some forest scientists suggest that forests,
especially old-growth stands, are not homogenous structures but rather diverse mosaics of

various structural components. Complex structures include “a broad range of sizes and



conditions of live trees, standing dead trees (snags), and boles on the forest floor.”
(Franklin & Van Pelt 2004: 22). Recent research has focused on using lidar data to
characterize fine scale spatial structure inside the forest canopy (Frazer et al. 2005).
Detecting structural complexity is of interest because spatial arrangements, and related
compositional differences, result in varied microclimates, stores of energy, moisture and
nutrients, all of which serve to create diverse habitat. The second goal of this thesis is to
explore the utility of intensity data in the capture of forest structure, especially the
components of structure (such as compositional differences) not expressed by canopy

height alone.

1.3  Objectives and research questions

There are two key objectives for this thesis and research questions nested within each.

* Objective 1 — Process, visualize, and normalize intensity data
o How can intensity data be visualized?
o What are the sensor and survey geometry influences on intensity and how can

these effects be accounted for such that intensity values are normalized?

* Objective 2 — Use intensity data to capture forest structure
o What spatial patterns and trends exist within intensity data and how do these
relate to forest structure?

o Which aspects of forest structure does intensity respond to?

14 Thesis outline

This thesis consists of six chapters. Chapter 2 reviews the literature covering the key
concepts of lidar remote sensing, summarizes pertinent issues to consider when working
with laser backscatter (intensity) data, provides examples from previous studies using

lidar intensity. Chapter 3 explains how the remote data were acquired and outlines the
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procedures used to process and visualize the lidar data. Chapter 4 documents the intensity

normalization and validation procedure, presents results, and discusses the outcomes.
Chapter 5 deals with the second objective, using intensity data to capture forest structure.
This chapter describes field data collection, statistical analysis methods, results, and
discusses the findings. Chapter 6 summarizes the key results, and provides

recommendations for future research.



Chapter 2 Literature Review

21 Lidar remote sensing

In the previous chapter, light detection and ranging (lidar) was briefly introduced as a
remote sensing technique that is well suited to forest research. This section provides an
overview of the basic principles of lidar technology, types of lidar systems, and
applications for lidar data.

Remote sensing is defined as the “science and art of obtaining information about an
object, area, or phenomenon through analysis of data acquired by a device that is not in
contact with the object, area or phenomenon under investigation” (Lillesand & Kiefer
2000: 1). There are two basic types of remote sensing, active and passive. Passive sensors
record energy reflected off a surface that originates from an external source, such as the
sun. Examples of passive remote sensing products include aerial photographs and earth
observing satellite data, such as Landsat images. Active sensors, in contrast, do not rely
on an external source of illumination; instead they supply their own energy and detect its
interaction with the target surface. Lidar is an example of active remote sensing, as are

radar and sonar (Jensen 2000).
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A lidar system’s source of energy is a laser, which is an acronym for light amplification
by the stimulated emission of radiation. Lasers produce a very narrow, intense beam of
energy at a specific wavelength. Lasers differ from common light sources (e.g., the sun),
which emit a continuous spectrum of wavelengths in a much wider beam. Lasers used in
terrestrial lidar systems typically operate at a wavelength between 0.9 and 1.5 pm, which
is in the near-infrared region of the electromagnetic spectrum (Figure 2-1). A near
infrared wavelength is chosen for two reasons: (1) reflectivity from vegetation is
relatively high at these wavelengths (Figure 2-2), and (2) eye safety is a concern for
lasers using shorter wavelengths, such as visible lasers (Wehr & Lohr 1999).

04 05 06 0.7 (um)

uv B |Near-infrared

blue
green

Visible
{tmm) {1m)
Wavelength (um) 107 107° 10™* 10~3 10°2 10’ 1 10 10° 1_03 10° 10° 10° 107 10®° 10° Wavelength (um)

e > L. 2 ]
e % K %, gt e, %, %,
%, Y ¢ %, ® % 7 o‘lz,b %%,
) @l‘/ /'9 4 %60 »

9

7

Figure 2-1: The electromagnetic spectrum (reproduced from Lillesand & Kiefer 2000: p.5)
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Figure 2-2: Typical reflectance of vegetation, soil, and water (reproduced from Lillesand &

Kiefer 2000: p.17)



Lidar systems rely on reflection of laser pulses to determine the distance (range) to
objects. The main assumption of laser ranging is that the speed of light in the atmosphere
is constant. Range is then calculated using the travel time for a transmitted pulse to reach
an object and return to the sensor, divided by two. The lidar sensor is typically mounted
on an airborne platform (Figure 2-3). The range data it collects are individually
georeferenced using time-matched positional data from differential GPS, and aircraft
orientation data from an inertial measurement unit (IMU)).

z

Tz '
GPS X
coma®

—
ﬁ Y

_—— —  laser
- scanner

Ground
coordinate
system

Figure 2-3: Lidar schematic (reproduced from Lillesand & Kiefer 2000: p.703)



There are two general types of lidar systems used for terrain modeling and forest
characterization: “discrete return” and “full waveform” (Lim et al. 2003a). Discrete
return systems detect location-specific peaks in backscattered energy above a threshold.
Thus, if the pulse interacts with more than one surface (e.g., multiple layers of a
vegetation canopy) multiple returns are recorded. A discrete return system, registers each
return in x-y-z space and there are typically one to three returns per pulse. In addition to
the return number, the intensity of each return is also recorded. The second type is full
waveform lidar. These systems record the returning energy from each pulse at fixed
intervals of time (which are equivalent to fixed height classes), resulting in intensity
waveforms for each pulse (Lefsky ef al. 1999). Figure 2-4 illustrates the difference
between these two types of lidar. The lidar beam, shown in grey, propagates down toward
the ground and the area it illuminates is called the footprint. The full waveform system,
shown on the left side, records the amount of energy reflected as the beam encounters
foliage on the tree and eventually the ground. In contrast, the discrete return system
records only four reflections, one near the top of the tree, two in its lower foliage, and a

final one from the ground.
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Figure 2-4: Comparison of the two types of lidar systems (after Lim ef al. 2003a)

The two types of lidar systems described above explain differences in vertical
sampling. Another important consideration is horizontal sampling area, or “footprint” of
the lidar system. The footprint diameter is directly related to the laser beam divergence
and the altitude of the platform (Baltsavias 1999). Due to the heavy storage requirements
of full waveform lidar, these systems tend to have large footprints (8-70m in diameter).
In contrast, discrete return systems have smaller footprints (0.2-0.9m in diameter) (Lim e?
al. 2003a). Few full waveform systems are available, and they are primarily used for
research. In contrast, a wide variety of discrete return lidar systems, such as the one used

in this study, are available for research and commercial applications. For the purpose of
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this thesis, the term lidar refers to a discrete-return small-footprint system, unless
otherwise stated.

The main advantage of lidar compared to other remote sensing techniques is the ability
of some of the laser pulses to penetrate through gaps in vegetation canopies. This makes
lidar an effective tool for creating terrain models of the ground surface (Krabill et al.
1984; Ritchie 1995). The topographic mapping application of lidar has been particularly
useful in dense tropical forest regions (Arp & Griesbach 1982; Hofton et al. 2002). As
lidar pulses proceed to the ground, part or all of the energy may be reflected by
vegetation. In open canopies, high laser pulse rates result in near continuous sampling of
forest elements from the canopy top to the ground. This vertical sampling capability
makes lidar highly effective in remote sensing of forest structure, in addition to ground
topography. Furthermore, the proportion of reflected energy (intensity), is also useful in
analyzing the vegetation encountered (Schreier ef al. 1985).

Three forest attributes can be directly retrieved from lidar data: canopy height, sub-
canopy topography, and the vertical distribution of canopy material (Lim et al. 2003a).
Other characteristics such as: biomass, volume, and above ground carbon content can be
derived through empirical models developed using both lidar and field-based data
(Lefsky et al. 1999; Lim et al. 2003b; Means et al. 2000; Naesset 1997; Patenaude et al.
2004; Riafio et al. 2003). Developing a better understanding of the presently unused lidar

intensity data may be helpful as these predictive models are refined and improved.

2.2 Intensity issues

The ability of lidar to estimate forest canopy height has led to significant interest by the

forest science community. To date, however, little attention has been paid to the possible
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use of intensity data to retrieve information about forest composition and structure. The
following sections describe some significant challenges that must be considered, and,

wherever possible, rectified before beginning to analyse intensity data.

2.2.1 Physics of intensity

Intensity is the ratio of energy received by the detector after reflecting off a target
surface, to the energy transmitted by the laser. Received energy is controlled by several

parameters defined in Equation 2-1 (Baltsavias 1999).

P, M°A

IR _ r 2-1
P P (2-1)
Where: Pr = power received

Pr=power transmitted

p = reflectivity

M = atmospheric transmissivity
A, = area of receiving optics

R =range

Equation 2-1: Intensity expressed as the ratio of received to transmitted power

It can be assumed for lidar surveys that the area of receiving optics (4,) is constant.
Range (R) is known, and intensity should be normalized to a standard range, especially if
the mission was flown at different altitudes or over high relief areas (see Section 2.2.3.1).
Therefore, under stable atmospheric conditions (constant M), intensity variability is
directly linked to the reflectivity (p) of the surface encountered. The reflectivity of some
materials at 900nm is presented in Table 2-1. Subsequent paragraphs will explain,

however, that the precise relationship between intensity and reflectivity is complex.
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Table 2-1: Reflectivity of diffusely reflecting surfaces and materials at 900nm (reproduced

from Riegl Laser Measurement Systems, http://www.rieglusa.com/principles/e_gi004.htm)

MATERIAL REFLECTIVITY
White paper up to 100%
Dimension lumber (pine, clean, dry) 94%

Snow 80-90%
Beer foam 88%

White masonry 85%
Limestone, clay up to 75%
Newspaper with print 69%
Tissue paper, two ply 60%
Deciduous trees typ. 60%
Coniferous trees typ. 30%
Carbonate sand (dry) 57%
Carbonate sand (wet) 41%

Beach sands, bare areas in dessert typ. 50%
Rough wood pallet (clean) 25%
Concrete, smooth 24%
Asphalt with pebbles 17%

Lava 8%

Black neoprene 5%

Black rubber tire wall 2%

The absence of known calibration between intensity and reflectivity is one of the main
limitations of intensity data. In one study, portable brightness tarps were used to
investigate the relationship between reflectivity and intensity (Kaasalainen et al. 2005).
The authors identified three main optical physics influences on intensity: laser
polarization, laser speckle, and phase angle. Although researchers have discussed these
influences, current lidar systems do not fully accommodate for them. Each influence is
outlined in the following sub-sections to provide context for the challenges involved in

exploring and interpreting intensity data.
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2.2.1.1  Polarization

Lasers generate electromagnetic radiation at a specific wavelength. One of the benefits
of laser remote sensing is that the receiving detector is sensitive to a narrow range of
wavelengths, which diminishes the influence of background radiation (i.e., reflected
sunlight) (Wehr & Lohr 1999). The electromagnetic radiation waves emitted by the laser
can also be polarized, causing the waves to propagate through space with a pre-
determined orientation. Polarimetric sensors provide more information about the texture
of the surface detected. Due to multiple scattering, rough discontinuous surfaces tend to
depolarize the signal, while smooth continuous surfaces do not (Lillesand & Kiefer
2000). Linear polarization (e.g., vertical and horizontal) is a common feature in radar
systems but it is technically more difficult to implement in lidar systems (Tan &
Narayanan 2004). As a result, nearly all lidar systems including the one used in this
study are not polarimetric. Thus, the intensity data contain less information about the
nature of the interaction, and consequently, unpolarized intensity is expected to contain

more noise.

2.2.1.2 Laser speckle

Another source of noise is laser speckle (Figure 2-5). When the coherent beam/pulse of
electromagnetic waves are incident on a surface with roughness larger than their
wavelength, the reflected wavelets will interact with one another and produce an
interference pattern (Ennos 1996). This is analogous to the irregular pattern of
constructive and destructive interference that causes speckle in radar backscatter imagery.

The effect of laser speckle has not yet been investigated for lidar systems. However, since



14

forests consist of rough, discontinuous surfaces, the effect of laser speckle is expected to

contribute noise to the intensity data.

Speckle pattern

v .
. 1 g ¢ T

Laser
illumination

Rough surface

Figure 2-5: Laser speckle (reproduced from Ennos 1996: p.138)

2.2.1.3 Phase Angle

Although little is known about the impact of laser speckle on the data collected by lidar
systems, a phenomenon related to the phase angle has been investigated as part of an
attempt to calibrate intensity data with actual surface reflectivity (Kaasalainen ez al. 2005).
Lidar reflections are characterized by a central “hot spot” of high intensity around which
the intensity decreases. The peak of the hot spot is defined by a phase angle of zero degrees.
The phase angle is the angle between the backscattered wave and the observer or detector
(Figure 2-6). When calibrated using targets of known reflectivity, the intensity of the hot
spot is up to 1.5 times more than expected (

Figure 2-7). As the phase angle increases, moving away from the hot spot, intensity
decreases exponentially. It has also been demonstrated that the higher the reflectivity of

the surface, the more amplified the hot spot intensity is. In other words, if hot spot
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intensity measurements are used, which is generally the case, the intensity scale will be

non-linear with respect to actual surface reflectivity.
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Figure 2-6: Phase angle (reproduced from Kaasalainen et al. 2005: p.256)
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Although calibrating intensity data with known energy units is beyond the scope of the
current investigation, these issues are important to consider if intensity is to be used as a

quantitative measure of surface reflectivity in the future.

2.2.2 Radiometric influences

The relationship between reflected energy and the intensity values is also influenced by
detector settings. The laser reflections are recorded and measured using a detector
sensitive to the laser’s wavelength. The laser power used depends on the altitude flown
and atmospheric conditions. The returning signal is normalized as the ratio of the
received to emitted energy (Jason Campbell, Terra Remote Sensing Inc., pers. comm. 26
Oct 2004). The sensor used in this study only recorded intensity on the last return from
each pulse. Each intensity measurement was quantized on a 9-bit scale (digital numbers

ranging from 0-511) for computer storage.

2.2.3 Geometric influences

In addition to physical and radiometric influences on the intensity values, two
geometric influences must also be considered: range, and angle of incidence. Both of
these quantities determine the footprint area, which is expected to affect the magnitude of

the intensity measurements.

2.2.3.1 Range

The range, or path length, is the distance between the instrument and the surface being
sensed. It is a function of flying height, scan angle, and ground topography. As range
increases, so does the footprint area over which the laser energy is spread (Baltsavias

1999). Energy is not lost due to larger footprints, but it is less concentrated. However,
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since the detector aperture is fixed in size, the amount of reflected energy received
decreases as the footprint becomes larger. For surfaces of similar reflectivity, longer
ranges weaken the intensity signal, while shorter ranges strengthen it (Figure 2-8).
Intensity data can be normalized to a standard range using Equation 2-2 (Luzum et al.
2004). A standard range can be chosen by identifying the most frequent range distance

from a histogram.

intensitynew = intensity,q * ( range”/ standard range?) (2-2)

Equation 2-2: Range-standardized intensity

The influence of range is substantial if: 1) the mission was flown at different altitudes,
2) wide scan angles were used, or 3) there were drastic changes in ground topography

within the survey area (e.g., a deep valley) (Luzum et al. 2004).
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Figure 2-8: Range-standardized intensity
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2.2.3.2 Angle of incidence

The angle of incidence is the angle between the surface normal and the incoming laser
beam (Figure 2-9). On featureless (non-vegetated) terrain, incidence angle is controlled
by the scan angle and terrain slope. As the angle of incidence increases, the footprint

changes shape becoming more oblong and energy is spread over a larger area.

5.9l
¥ \ _ Scan Angle

_Angle of
Incidence
Level Ground NADIR Sloped Ground

Figure 2-9: The effects of scan angle and terrain slope on angle of incidence
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If a smooth “Lambertian” surface is assumed, Lambert’s Cosine Law can be applied to
model the apparent energy falloff (Jensen 2005). The intensity data can be normalized to

zero degrees incidence using Equation 2-3:

intensitypew = intensityqq * COS (angle of incidence ) (2-3)

Equation 2-3: Intensity standardized by angle of incidence

This cosine correction factor has been used extensively in passive optical remote
sensing, where it is necessary to correct for solar angle and terrain slope (Bishop et al.
2003). More complex sun-canopy-sensor correction models have been developed for

forested environments (Soenen et al. 2005).

2.3  Utility of intensity

Having considered the issues associated with using intensity, including physical,
radiometric and geometric factors, this section describes some practical applications for
the information contained in intensity data. It begins with examples from forestry,
followed by feature extraction in urban settings, and glacial surface classification. The
latter two examples demonstrate how image processing and geometric modelling have

attempted to accommodate some intensity issues.

2.3.1 Forestry

While lidar-derived canopy height is useful for predicting stand attributes such as
volume and biomass, intensity data can provide information about vegetation type. Using
mean intensity and intensity variability, it is possible to differentiate between coniferous

and deciduous forests (Schreier et al. 1985). This study also found that intensity is
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unaffected by differences in solar radiation incident on vegetated terrain. In another
study, a minimum intensity threshold was used to reduce the influence of understory
vegetation when modelling canopy height. Height estimates using data with intensity
greater than 200, were better estimators of basal area, biomass and volume than estimates
based on mean or maximum laser height metrics (Lim ef al. 2003b). Intensity data have
also been used to classify individual trees by species. In a supervised classification of
Norway spruce and Scots pine trees in Sweden, the mean and standard deviation intensity
of canopy surface returns produced classification accuracies of 82.3% and 83.6%,
respectively (Holmgren & Persson 2004). In another species classification study of leaf-
off deciduous forests in eastern USA, the maximum intensity, and intensity kurtosis
resulted in accuracies of 41% and 43%, respectively. The authors of this study concluded

that intensity responded to different colours of bark (Brandtberg ef al. 2003).

2.3.2 Urban features

Surface reflectivity and lidar intensity have also been compared in the urban
environment. In a study evaluating the separability of intensity values into classes of
asphalt road, grass, house roof, and tree, it was found that although lidar intensity did not
precisely match the theoretical reflectivity for each class it did follow the general
magnitudes and permitted separability (Song et al. 2002). Lidar intensity data have also
been used to identify roads. In a roadway feature extraction study, the maximum
likelihood classification using lidar intensity data had producer’s and user’s accuracies of
71% and 81% respectively (Yu et al. 2002). Intensity was also used in a model for the
detection and categorization of vehicles traveling on highways. The theory was that the

different window orientation for sedans, multi-purpose vehicles, and trucks would result
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in distinct intensity values. However, the study found that the addition of intensity into
the principal components analysis resulted in poorer categorization of vehicles (Lovas et
al. 2004).

Intensity image processing has yet to be fully investigated in the literature. One road
extraction study applied triangular interconnected network (TIN), inverse distance
weighted, and natural neighbour interpolation methods for rasterizing (irregularly spaced)
intensity point data, and states that the optimum method will depend on the function of
the imagery (Yu et al. 2002). After the intensity data are rasterized to a regular grid, a
“salt and pepper” appearance is evident. The nature of the speckle is attributed to both
sensor and target factors. A simple median convolution filter can be used to smooth the
image for visualization and classification, and was found to improve separability of
features in road extraction studies (Song et al. 2002; Yu et al. 2002). A special set of
adaptive filters has been developed for radar imagery to reduce speckle, and improve

classification (Durrand et al. 1987). These may be useful for intensity imagery as well.

2.3.3 Glacial surfaces

When interpreting intensity data it is necessary to consider the influence of laser
geometry. In an investigation of lidar intensity and glacial surfaces, a geometric model
was built to predict the laser angle of incidence (angle between the laser pulse and the
surface normal), footprint size (area illuminated by the laser) and range (slant distance
between the platform and surface) for each pixel of the intensity image. Correlations
between all laser geometry variables and intensity were negative (-0.63 <r < -0.80),
indicating that intensity decreases as the angle of incidence, footprint size, and range

increase. The investigation also found differentiable intensity characteristics for classes
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of snow, ice, water, and rock. An interesting finding was that although the intensity
values for water were very low, water was found to be a specular reflector when the angle

of incidence was close to zero, resulting in “intensity hot spots” (Lutz et al. 2003).

24 Summary

A large body of literature exists on lidar applications in forestry that focus on canopy
height, yet little attention has been paid to the possible use of intensity data to retrieve
information about forest composition and structure. There are several unique challenges
to the investigation of lidar intensity data. These issues include: laser polarization, laser
speckle, the phase angle used in detection, radiometric settings of the detector, and the
footprint area (through its geometric controls: range and angle of incidence).

Although intensity data have yet to be fully analyzed with respect to forest surveys,
results from forest, urban, and glacial classification studies suggest that intensity data
may indeed contain important, added information related to forest composition and
structure.

Another question is whether analysis should use raster images generated by
interpolating intensity to a regular grid, or the raw x-y-z intensity data points collected by
the lidar system itself. If raster analysis is chosen, image-processing issues that need to be
addressed include: finding a suitable image interpolation method, and reducing speckle.
The next chapter addresses these questions, as it outlines the data processing and

visualization routines used.
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Chapter 3 Data processing and visualization

3.1 Introduction

Lidar data present unique processing and visualization challenges. One of these
challenges is the sheer volume of data collected by the lidar system, which typically
pulses 40,000 times for every second of operation. The data are collected in vector (point)
format, defined by x-y-z coordinates, and do not conform to a regular image-like grid
pattern. The high volume, three-dimensional nature, and irregularly spaced point
structure of lidar data make it problematic to visualize. Although point data can be
converted to raster images, fine-scale detail is lost in the conversion. This is concerning
because intensity values are variable over fine scales (i.e., speckled).

One goal of this chapter is to document how the lidar data were acquired and processed
for this project. Another goal is to explain how the vertical (z) dimension was
transformed from absolute elevations into canopy heights, creating a canopy height
model. Finally, it will outline the steps used to determine a suitable visualization strategy

for the intensity data.

3.2 Lidar data acquisition

Lidar data were acquired over 1300 hectares of forested land within the Greater
Victoria (Sooke Lake) Watershed on southern Vancouver Island, British Columbia,
Canada on July 24, 2004. The study area, a valley surrounding Rithet Creek, ranges in
elevation from 180m to 750m above mean sea level.

The lidar system’s technical specifications are presented in Table 3-1 and the

specifications for this project are contained in Table 3-2. The data provider, Terra
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Remote Sensing Inc. (Sidney, BC, Canada), classified the data into ground and non-

ground (i.e., vegetation) classes using a proprietary ground-finding algorithm (Terrasolid

Ltd., Jyvaskyla, Finland). Automated ground classification was inspected for the entire

area by technicians at Terra Remote Sensing Inc.

Table 3-1: Lidar technical specifications

PARAMETER SPECIFICATION
Laser Nd-YAG
Wavelength 1089 nm

Beam divergence

0.45 milliradians

Pulse duration (length)

8 nanosecons

Pulse rate 40 kHz
Scan frequency 30 Hz
Scan angle +24°

Table 3-2: Job specifications

PARAMETER SPECIFICATION

Projection UTM Zone 10N

Horizontal Datum NADS&3

Geoid Canada 2000

Vertical Datum CGVD

Number of flightlines 11

Flying altitude 855-1600m (flightline dependant)

Mean point density (ground)

0.49 points/m”

Mean point density (non-ground)

3.14 points/m’

3.3 Data processing

The lidar data were provided as comma separated ASCII files based on Format 1 of the
ASPRS Lidar Data Exchange Format Standard (LAS) (http://www.lasformat.org). The
fields included: x, y, z, intensity, return number, number of returns (given pulse), scan
direction flag, edge of flight line, classification, scan angle, and GPS time (Figure 3-1).
The total size of the dataset is 3.06 gigabytes. For improved processing performance the

dataset was divided into 28 files, each representing a 1000 by 1000 metre sub-area. The



largest file is 250 megabytes in size, and it contains 3.7 million individual lidar data

records (points).

% | |12 |1 |Ret#|D+|EdIClalAng] Tine

444997.54, 5354000.48, 278.55, 169, 1/1, 8, @, 2, 8, 5538531.995300
444999.16, 5384001.08, 273.38, 183, 1/1, @, 8, 2, @, 55858531.995500
444997.81, 5354000.453, 294.75, @@@, 1/2, @, @, 1, B, 558531.996000
444999.17, 5384000.97, 296.67, 179, 1/1, @, 8, 1, A, 55858531.9%c000
444993.33, 5354000.65, 306.30, 196, 1/1, 8, @, 1, 8, 558531.996000
444999.51, 5354001.19, 306.40, 212, 1/1, @, 8, 1, @, 558531.9%6c000
444993.85, 5384001.25, 306.82, 197, 1/1, 8, @, 1, 8, 558532.012008
444995.49, 5384001.13, 304.44, 221, 1/1, @, 8, 1, @, 5588532.012000
444993 .55, 5384001.16, 294.72, @@@, 1/2, 8, @, 1, B, 558532.012008

Figure 3-1: Example of a lidar data file
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The volume of data and the size of the computer files requires a lidar data user to have

advanced processing software and/or computer programming skills. Although there are

software packages available specifically for lidar data processing, these applications are

expensive, and do not offer the researcher complete control over the processing routines.

Interactive Data Language (IDL) (Research Systems Inc., Boulder, Colorado) is a

computer scripting environment that is well suited to lidar data processing and analysis.

IDL is packaged with a comprehensive library of data processing and visualization

scripts. The user also has the ability to write custom procedures. A basic knowledge of

computer programming is needed to use IDL, but it is considered a high-level language,

so coding is concise and intuitive.

Each script developed to process the lidar data used 28 loops, reading one file at a time

into memory, processing its contents, and writing output before moving on to the next
file. Two fields in the original lidar dataset, return number and number of returns, were

separated by a slash rather than a comma so it was first necessary to read all rows as
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strings and replace the slashes with commas. After this process was complete, each file
could be easily read into a numeric double precision IDL array (analogous to a
spreadsheet table). Numerous IDL scripts were developed specifically for this project.
These scripts are presented as appendices and will be referred to at various times

throughout this thesis.

3.4 Canopy height model

The first major processing step was to convert the absolute elevation of all points
classified as vegetation into heights above ground. This is an important procedure
because height is a fundamental forest attribute. A canopy height model is created using
three steps:

(1) A raster digital terrain model of the ground surface was created by
interpolating all ground-class points to a regular grid.
(2) The elevation of each ground point was subtracted from the elevation of all
vegetation points within its respective grid cell.
(3) All points greater than 100m above the ground were filtered and removed.
The following paragraphs describe each step in greater detail. Refer to Appendix A for

the complete IDL code.

3.4.1 Digital terrain (ground) model

Although on average there is one ground point for every 2 square meters, it is
necessary to create an interpolated ground surface model. Some areas, especially those
with thick canopies and/or multiple vegetation layers, have a lower density of ground
points due to low frequency of laser penetration to the ground. Rather than generating a

separate digital terrain model for each file, the entire ground point network was used.
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This mitigated edge effects that were encountered when file-specific models were used.
The ground point network for the entire study area (all 28 files) consists of 6,361,726
points. IDL’s TRIGRID function, linear interpolation using a Delaney triangulation (RSI
2005), was used to create the interpolated surface. A grid size of 2x2 meters was chosen

to mimic the average resolution of the raw ground point network.

3.4.2 Subtraction

Vegetation point data were segmented into 2x2m grid cells, with a ground point at the
centre of each cell. The ground elevation was then subtracted from all vegetation point

elevations within the cell. The procedure was repeated for each grid cell in the file.

3.4.3 Filtering

Two unexpected outcomes can occur after subtraction: negative height values, and
extremely high ones. The former are due to error in the ground classification, while the
latter are due to extraneous reflections (e.g., birds), or sensor error. Minimum and
maximum thresholds can be established to filter and remove these anomalies. In this
study, a maximum threshold of 100m was used, but a minimum threshold was not
applied. Negative height values were retained as they are assumed to represent either

ground or ground covering vegetation, which may be of interest later.

3.4.4 Outputs

The outputs of the canopy height model procedure are (1) an ASCII text file for all
vegetation points with the elevation (z) field replaced by height above ground, and (2) a

2x2m GEOTIFF raster image of canopy height (Figure 3-2). The text file is used for all
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further analyses, as it contains the original point data (except elevation). The raster

canopy height image, created using IDL’s TRIGRID function, is used for visualization.

a
Figure 3-2: Elevation (a) and canopy height (b) images derived from lidar data (2m spatial

resolution). Roads and three distinct forest stand heights can be seen in this 64-ha area east

of Rithet Creek.

3.5 Lidar data structure

As mentioned earlier, lidar data can be represented as independent points (vector data
structure) or as an image (raster data structure). Lidar data are defined spatially by x-y-z
triplets and thus are vector in origin. The original vector points can be visualized using
three-dimensional rendering software, such as computer aided design (CAD) packages.
Alternatively, the data can be rasterized into two-dimensional grid cells (pixels) and
displayed as an image.

The vector approach provides the highest possible resolution, and maintains the
integrity of the original data. This is especially important for the intensity data because of

its fine-scale variability (the speckle characteristic of intensity imagery). As such a vector
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approach will be used to analyse intensity data. However, it is difficult to visualize
intensity in vector format because it adds a fourth dimension (x-y-z-i). Therefore, the two-
dimensional raster approach will be used to visualize intensity data. By rasterizing
intensity data, a suite of image processing techniques that ha