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ABSTRACT

Airborne lidar (light detecting and ranging) is a useful tool for probing the structure of
forest canopies. Such information is not readily available from other remote sensing
methods and is essential for modern forest inventories. In this study, small-footprint lidar
data were used to estimate biophysical properties of young, mature, and old cottonwood
trees in the Upper San Pedro River Basin, Arizona, USA. The lidar data were acquired in
June 2003 and 2004, using Optech’s 1233 ALTM (Optech Incorporated, Toronto,
Canada). Canopy height, crown diameter, stem diameter at breast height (dbh), canopy
cover, and mean intensity of return laser pulses from the canopy surface are estimated for
the cottonwood trees from lidar data. The lidar estimates show a good degree of
correlation with ground-based measurements. This study also demonstrates that other
parameters of young, mature, and old cottonwood trees such as height and canopy cover,
when derived from lidar, are significantly different (p < 0.05). These lidar-derived
canopy metrics provided the basis for a supervised image classification of cottonwood
age categories, using a maximum likelihood algorithm. The results of classification
illustrate the potential of airborne lidar data to differentiate age classes of cottonwood
trees for riparian areas quickly and quantitatively.

In addition, four metrics (tree height, height of median energy, ground return ratio, and
canopy return ratio) were derived by synthetically constructing a large footprint lidar
waveform from small-footprint lidar data (we summed up a series of Gaussian pulses that
vertically stacked at the elevations produced by the small-footprint elevation data to

create a modeled large-footprint return waveform and compared the synthetic waveforms



11

with ground-based Intelligent Laser Ranging and Imaging System (ILRIS) scanner
images in cottonwood trees). These four metrics were incorporated into a stepwise
regression procedure to predict field-derived LAI for different age classes of
cottonwoods.

Additionally, this study applied the Penman-Monteith model to estimate transpiration of
the cottonwood clusters using lidar-derived canopy metrics, such as height and LAI, and
compared it with transpiration measured by sap flow, so that improved riparian water use

estimates could be made.
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CHAPTER 1

INTRODUCTION

1.1 Research Motivation

Vegetation patterns and associated canopy structure influence landscape functions
such as water use, biomass production, and energy cycles. The properties of vegetation
and canopy must be quantified in order to understand their roles in landscapes and before
management plans can be developed for the purpose of conserving natural resources.
Vegetation patterns can be mapped from ground-based inventory techniques, or by using
aerial photography or satellite imagery. If sampling is sufficiently intense, ground-based
techniques alone can produce accurate results. However, determining the physical
properties of canopy architecture and structure (i.e. height, density, timber volume) with
conventional ground-based technology is difficult, labor intensive, costly, and usually
very limited for assessing large scale or landscape characteristics. Resource managers are
always interested in developing and utilizing alternative sources of information that are
more cost effective or offer opportunities to manage resources more efficiently.

The primary purpose of this research was to use a small-footprint lidar to estimate
biophysical variables in cottonwood trees in the San Pedro Riparian National
Conservation Area (SPRNCA) in southeastern Arizona, USA. The secondary objective of
this study was to differentiate different age classes of cottonwood trees by using small-

footprint lidar and consequently improve riparian cottonwood water use estimates.
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The SPRNCA is a globally important migratory bird route. Its cottonwood riparian forest
supports a great diversity of species and is widely recognized as a regionally and globally
important ecosystem (World Rivers Review, 1997). Additionally, lidar studies published
to this point have shown success in several forest types with large-footprint lidar, but
applications of small-footprint lidar to forestry have not progressed as far (Means, 2000),
being limited mainly to measuring even-aged conifer stands. Thus, the performance of
lidar in cottonwood riparian forests remains untested and any related analytical and
processing issues are yet to be identified.

The main objective of this study was to estimate Leaf Area Index (LAI) from various
laser height metrics and synthetic large footprint lidar waveform for different age classes
of cottonwood trees. Additionally, this study applied the Penman-Monteith model
(Monteith and Unsworth, 1990) to estimate cottonwood transpiration using lidar-derived
canopy metrics, compared with transpiration measured by sap flow. Riparian cottonwood
trees use water in proportion to their age and leaf area (Schaeffer et al., 2000), and are
especially large users of water in flood plains along rivers in semi-arid environments.
More accurate quantification of riparian water use is required to manage basin water
resources to maintain the economic, social, and ecological viability of these areas and
ensure water for a growing human population in the basin. Cottonwoods of different age
cannot be distinguished by multi-spectral methods. However, the older cottonwoods
exhibit a canopy that is more crowned in shape than the younger trees, thus differences in
tree shape as a function of tree age led us to investigate the use of lidar to identify and

classify cottonwoods of different age classes. Another important reason for determining
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the age and canopy characteristics of cottonwood is to discern the recruitment and
establishment of cottonwood seedlings in riparian corridors. Because of regulation of
streamflow by dams and reservoirs in many western rivers, the occurrence of significant
floods which are essential for the recruitment of young cottonwoods, has been greatly
reduced. The capability of rapidly quantifying the age distribution of cottonwoods from
lidar in a riparian corridor would provide a useful indicator of cottonwood regeneration

capacity of a given corridor.

1.2 Research Objectives

The specific goals of this study were:
(1) Derive various geometric measures for different age classes of cottonwoods from
lidar data and determine the relationships between cottonwood biophysical properties
with ground-based measurements.
(2) Use lidar derived-metrics to differentiate different age classes of cottonwood trees.
(3) Model a laser altimeter return waveform as the sum of reflections within a laser small
footprint and compare the results with ground-based Intelligent Laser Ranging and
Imaging System (ILRIS) scanner images in cottonwood trees.
(4) Derive various laser height metrics (maximum laser height, mean laser height, and
canopy height) from the small footprint lidar data and determine how well they can
estimate LAI for different age classes of cottonwoods.
(5) Derive four metrics (canopy height, height of median energy, ground return ratio, and

canopy return ratio) from synthetic lidar full-waveform. These four metrics incorporate
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into a stepwise regression procedure to predict field-derived LAI for different age classes
of cottonwood trees.

(6) Apply the Penman-Monteith model to estimate transpiration of the cottonwood
clusters using lidar-derived canopy metrics, such as height and LAI, and compare the
results with transpiration measured by sap flow, so improved riparian water use estimates

can be made.

1.3 Literature Review

Remote sensing has facilitated extraordinary advances in the modeling, mapping, and
understanding of ecosystems. Typical applications of remote sensing involve either
images from passive optical systems, such as aerial photography and Landsat Thematic
Mapper (Goward and Williams, 1997), or to a lesser degree, active radar sensors such as
RADARSAT (Waring et al., 1995). These types of sensors have proven to be satisfactory
for many ecological applications, such as mapping land cover into broad classes and, in
some biomes, estimating aboveground biomass and LAI. Moreover, they enable
researchers to analyze the spatial pattern of these images. However, conventional sensors
have significant limitations for ecological applications. The sensitivity and accuracy of
these devices have repeatedly been shown to fall with increasing aboveground biomass
and LAI (Waring et al., 1995). They are also limited in their ability to represent spatial
patterns: They produce only two-dimensional (x and y) images, which cannot fully
represent the three-dimensional structure of, for instance, an old-growth forest canopy.

Yet ecologists have long understood that the presence of specific organisms, and the
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overall richness of wildlife communities, can be highly dependent on the three-
dimensional spatial pattern of vegetation (MacArthur and MacArthur, 1961), especially
in systems where biomass accumulation is significant (Hansen and Rotella, 2000).
Individual bird species, in particular, are often associated with specific three-dimensional
features in forests (Carey et al., 1991). Additionally, other functional aspects of forests,
such as productivity, may be related to forest canopy structure. Laser altimetry, or lidar
(light detecting and ranging), is an alternative remote sensing technology that promises
to both increase the accuracy of biophysical measurements and extend spatial analysis
into the third dimension (z). Lidar sensors directly measure the three-dimensional
distribution of plant canopies as well as subcanopy topography, thus providing high-
resolution topographic maps and highly accurate estimates of vegetation height, cover,
and canopy structure. In addition, lidar has been shown to accurately estimate LAI and
aboveground biomass even in those high-biomass ecosystems where passive optical and

active radar sensors typically fail to do so.

1.3.1 Lidar Sensors

The basic measurement made by a lidar device is the distance between the sensor and
a target surface, obtained by determining the elapsed time between the emission of a
short-duration laser pulse and the arrival of the reflection of that pulse (the return signal)
at the sensor’s receiver. Multiplying this time interval by the speed of light results in a
measurement of the round-trip distance traveled, and dividing that figure by two yields

the distance between the sensor and the target (Bachman, 1979). When the vertical
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distance between a sensor contained in a level-flying aircraft and the Earth’s surface is
repeatedly measured along a transect, the result is an outline of both the ground surface
and any vegetation obscuring it. Even in areas with high vegetation cover, where most
measurements will be returned from plant canopies, some measurements will be returned
from the underlying ground surface, resulting in a highly accurate map of canopy height.
Key differences among lidar sensors are related to the laser’s wavelength, power, pulse
duration and repetition rate, beam size and divergence angle, the specifics of the scanning
mechanism, and the information recorded for each reflected pulse.

Lasers for terrestrial applications generally have wavelengths in the range of 900—1064
nanometers, where vegetation reflectance is high. In the visible wavelengths, vegetation
absorbance is high and only a small amount of energy would be returned to the sensor.
One drawback of working in this range of wavelengths is absorption by clouds, which
impedes the use of these devices during overcast conditions. Bathymetric lidar systems
(used to measure elevations under shallow water bodies) make use of wavelengths near
532 nm for better penetration of water. Early lidar sensors were profiling systems,
recording observations along a single narrow transect.

Later systems operate in a scanning mode, in which the orientation of the laser
illumination and receiver field of view is directed from side to side by a rotating mirror,
or mirrors, so that as the plane (or other platform) moves forward, the sampled points fall
across a wide band or swath, which can be gridded into an image. The power of the laser
and size of the receiver aperture determine the maximum flying height, which limits the

width of the swath that can be collected in one pass (Wehr and Lohr, 1999). The intensity
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or power of the return signal depends on several factors: the total power of the
transmitted pulse, the fraction of the laser pulse that is intercepted by a surface, the
reflectance of the intercepted surface at the laser’s wavelength, and the fraction of
reflected illumination that travels in the direction of the sensor. The laser pulse returned
after intercepting a morphologically complex surface, such as a vegetation canopy, will
be a complex combination of energy returned from surfaces at numerous distances, the
distant surfaces represented later in the reflected signal.

The type of information collected from this return signal distinguishes two broad
categories of sensors. Discrete-return (small footprint) lidar devices measure either one
(single-return systems) or a small number (multiple-return systems) of heights by
identifying, in the return signal, major peaks that represent discrete objects in the path of
the laser illumination. The distance corresponding to the time elapsed before the leading
edge of the peak(s), and sometimes the power of each peak, are typical values recorded
by this type of system (Wehr and Lohr, 1999). Waveform-recording (large footprint)
devices record the time-varying intensity of the returned energy from each laser pulse,
providing a record of the height distribution of the surfaces illuminated by the laser pulse
(Harding et al., 1994; 2001; Dubayabh et al., 2000).

By analogy to chromotography, the discrete-return systems identify, while receiving the
return signal, the retention times and heights of major peaks; the waveform-recording
systems capture the entire signal trace for later processing. Both discrete-return and
waveform sampling sensors are typically used in combination with instruments for

locating the source of the return signal in three dimensions. These include Global
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Positioning System (GPS) receivers to obtain the position of the platform, Inertial
Navigation Systems (INS) to measure the attitude (roll, pitch, and yaw) of the lidar
sensor, and angle encoders for the orientation of the scanning mirror(s). Combining this
information with accurate time referencing of each source of data yields the absolute
position of the reflecting surface, or surfaces, for each laser pulse.

There are advantages to both discrete-return and waveform-recording lidar sensors. For
example, discrete-return systems feature high spatial resolution, made possible by the
small diameter of their footprint and the high repetition rates of these systems (as high as
100,000 points per second), which together can yield dense distributions of sampled
points. Thus, discrete-return systems are preferred for detailed mapping of ground and
canopy surface topography (Flood and Gutelis, 1997). An additional advantage made
possible by this high spatial resolution is the ability to aggregate the data over areas and
scales specified during data analysis, so that specific locations on the ground, such as a
particular forest inventory plot or even a single tree crown, can be characterized. Finally,
discrete-return systems are readily and widely available, with ongoing and rapid
development, especially for surveying and photogrammetric applications (Flood and
Gutelis, 1997).

The primary users of these systems are surveyors serving public and private clients, and
natural resource managers seeking a cheaper source of high-resolution topographic maps
and Digital Terrain Models (DTMs). A potential drawback is that proprietary data-
processing algorithms and established sensor configurations designed for commercial use

may not coincide with scientific objectives. A detailed technical review of the various
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sensors can be found in Wehr and Lohr (1999). Baltsavias (1999) reviews a directory of
sensors and lidar remote sensing firms.

The advantages of waveform-recording lidar include an enhanced ability to characterize
canopy structure, the ability to concisely describe canopy information over increasingly
large areas, and the availability of global data sets. Examples of waveform-recording
laser altimeters include MKII (Aldred and Bonnor, 1985) and a similar system described
in Nilsson (1996), as well as a series of airborne devices developed at NASA’s Goddard
Space Flight Center, starting with a profiling sensor described by Bufton and colleagues
(1991) and including SLICER (Scanning Lidar Imager of Canopies by Echo Recovery;
Blair et al., 1994; Harding et al., 1994; 2001), SLA (Shuttle Laser Altimeter; Garvin et
al., 1998), LVIS (Laser Vegetation Imaging Sensor; Blair et al., 1999), and VCL
(Vegetation Canopy Lidar; Dubayah et al., 1997) satellite. One advantage of these
waveform-recording lidar systems is that they record the entire time-varying power of the
return signal from all illuminated surfaces and are therefore capable of collecting more
information on canopy structure than all but the most spatially dense collections of small-
footprint lidar. In addition, waveform-recording lidar integrates canopy structure
information over a relatively large footprint and is capable of storing that information
efficiently, from the perspective of both data storage and data analysis.

Finally, only waveform-recording lidar will, in the near future, be collected globally from
space. Spaceborne waveform-recording lidar techniques have been successfully
demonstrated by the SLA missions (Garvin et al., 1998), which were intended to collect

topographic data and to test hardware and algorithm approaches from orbit. These data
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were collected along a single track, using footprints of approximately 100 meters in
diameter, which limits their utility for the measurement of vegetation canopy structure,
especially in high-slope areas (Harding et al., 2001). The VCL mission is the first satellite
specifically designed with the problem of vegetation inventory in mind. VCL is a
waveform-recording system, expected to inventory, using 25-m diameter footprints,
canopy height and structure over approximately 5% of the Earth’s land surface between

+68° latitude during its 18-month mission (Dubayah et al., 1997).

1.3.2 Applications of Lidar Remote Sensing

Only a few areas of application for lidar remote sensing have been rigorously
evaluated. Numerous other applications are generally considered feasible, but they have
not yet been explored; developments in lidar remote sensing are occurring so rapidly that
it is difficult to predict which applications will be dominant in the future. Currently,
applications of lidar remote sensing in ecology fall into three general categories: remote
sensing of ground topography, measurement of the three-dimensional structure and
function of vegetation canopies, and prediction of forest stand structure attributes (such

as LAI).
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1.3.2.1 Topographic Applications

Mapping of topographic features is the largest and fastest growing area of application
for lidar remote sensing, because of its use in commercial land surveys (Flood and
Gutelis, 1997). Ecologists are also interested in topography and bathymetry, which often
has a strong influence on the structure, composition, and function of ecological systems.
Traditional survey and photogrammetric techniques for determining ground elevations
are limited in several ways. The primary disadvantages of traditional surveying are its
substantial time and labor requirements and associated costs. Photogrammetric methods
for determining elevations from aerial photographs or images collected by other sensors
are an established alternative to field surveys (Baltsavias, 1999). However, they are
inaccurate in forested areas, where the ground is not visible, and in areas of low relief and
texture, such as wetland areas and coastal dune systems. In these cases, airborne laser
altimetry can be an accurate and cost-effective alternative.
Topographic applications most often use discrete-return data. When ranging information
from the lidar is combined with position and pointing information, the result is a series of
X, y, and z data points (triplets), describing the location of the observed surfaces in three-
dimensional space. With adequate quality control, the accuracy of these points can
achieve 50 cm root mean square error (RMSE) in the horizontal planes and 20 cm RMSE
in the vertical. However, the elevations recorded in these triplets will be associated with
myriad features, including the ground, human-made objects, clouds, vegetation, or
anything else in the path of the laser pulse. To extract a topographic surface from these

points, a series of filters must be applied to eliminate points not on the ground surface.
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Numerous methods exist for this process, but generally they combine highly automated
processes with some manual correction (Kraus and Pfeifer, 1998). Examples of
topographic applications of lidar include mapping of polar ice sheets for mass balance
investigations (Krabill et al., 1999), mapping of wetlands and shallow water (Irish and
Lillycrop, 1999), and high-resolution mapping of topography under forest for geomorphic
investigations and hydrologic modeling (Harding and Berghoff, 2000). The mapping of
dynamic features such as beaches and a dune (Krabill, 2000) is one application for which

lidar is proving to be particularly well suited.

1.3.2.2 Measuring Vegetation Canopy Structure and Function

In general, the single most important step in lidar mapping of topography involves the
deletion of data points returned from vegetation and, in urban areas, buildings. However,
for most ecological applications, it is the returns from the vegetation canopy that will be
of primary interest. The simplest canopy structure measurements are of canopy height
and cover. Altimetric canopy heights have been compared, with varying accuracy and
strength of correlation, to maximum and mean tree height in temperate (Maclean and
Krabill, 1986), tropical (Nelson et al., 1997; Drake et al., 2002), and boreal (Naesset,
1997a; Magnussen and Boudewyn, 1998; Magnussen et al., 1999; Persson et al., 2002;
Holmgren et al., 2003) forests. In addition, Ritchie and colleagues (1995) found excellent
agreement between lidar measurements of height in both temperate deciduous forests and
desert scrub. There are two general problems in determining vegetation height using lidar

data. Determining the exact elevation of the ground surface poses difficulties for both
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discrete-return and waveform-recording lidar. In complex canopies, elevations returned
from what appears to be the ground level in fact may be from the understory, if the
understory is dense enough to substantially occlude the ground surface. In addition, each
type of lidar system presents difficulties in detecting the uppermost portion of the plant
canopy. With discrete-return lidar, very high footprint densities are required to ensure
that the highest portion of individual tree crowns is sampled. With waveform sampling
devices, a large footprint is illuminated, increasing the probability that treetops will be
illuminated by the laser. However, the top portion of the crown may not be of sufficient
area to register as a significant return signal and therefore may not be detected. In either
case, the height of the canopy may be underestimated. Estimates of canopy cover have
been made using both discrete-return and waveform-recording lidar sensors. These
estimates are made using the fraction of the lidar measurements that are considered to
have been returned from the ground surface (Nelson et al., 1984; Ritchie et al., 1992;
1995; 1996; Weltz et al., 1994; Lefsky, 1997), where the measurements are the number of
discrete returns, or the integrated power of a waveform. In some cases, a scaling factor is
needed to correct for the relative reflectance of ground and canopy surfaces at the
wavelength of the laser (Lefsky, 1997; Means et al., 1999). As with the measurement of
canopy height, the definition of the ground surface is a critical aspect of cover
determination. Although the height and cover of the canopy surface are useful canopy
structure descriptions, there are more detailed measurements that can better describe
canopy function and structure. The height distribution of outer canopy surfaces, which

quantifies such important features as light gaps (Watt, 1947; Canham et al., 1990; Spies
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et al., 1990), has been manually mapped in several studies (Leonard and Federer, 1973;
Ford, 1976; Miller and Lin, 1985). These maps were laboriously made, using devices
such as plumb bobs and telescoping rods. With lidar, the process is greatly accelerated
(Nelson et al., 1984; Lefsky et al., 1999b). The vertical distribution of all material within
the canopy (not just the outer canopy surfaces) may be inferred, using the foliage-height
profile technique (MacArthur and Horn, 1969; Aber, 1979) recently adapted for use with
waveform-recording lidar as the canopy-height profile (Lefsky, 1997; Harding et al.,
2001). Calculation of these height profiles relies on assumptions about the rate of
occlusion of canopy surfaces that are not applicable to all forests; however, they have
been shown to yield a good approximation in closed-canopy, temperate deciduous forests
(Aber, 1979; Fukushima et al., 1998; Harding et al., 2001). Lidar data have been used to
predict the fractional transmittance of light as a function of height, based on a series of
assumptions relating the penetration of the laser light into the canopy to the penetration of
natural light into the canopy. Although both the wavelength and orientation of typical
laser illumination differs from that of natural illumination, a study (Parker et al., 2001)
indicates that lidar can accurately estimate the rate of Photosynthetically Active
Radiation (PAR) absorption and define the location and depth of the zone where the
maximum rate of PAR absorption occurs (Parker, 1997). Lidar has also been used to
predict the aerodynamic properties of plant canopies and landscapes. Menenti and Ritchie
(1994) used a profiling laser altimeter to predict aerodynamic roughness length of
complex landscapes containing a mixture of grassland, shrub, woodland areas, and found

good agreement with field estimates. The techniques described so far use lidar data to
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make measurements of canopy structure that had been made with technologically simpler
and more time-consuming methods. Lidar’s ability to rapidly measure the three-
dimensional structure of canopies should stimulate the development of new systems of
canopy description. One such system, the Canopy Volume Method (CVM)), is the first to
take advantage of the ability of a waveform-recording sensor (SLICER) to directly

measure the three-dimensional distribution of canopy structure.

1.3.2.3 Prediction of Forest Stand Structure

Lidar data also have been used to predict biophysical characteristics of plant
communities, most notably forests (Dubayah and Drake, 2000). Although the following
studies may not by themselves constitute ecological research, they lay the groundwork
for future studies that use these relationships to map biophysical variables over large
extents (using data from sensors such as LVIS and VCL), making possible a new class of
large-scale ecological research.
Prediction of forest stand structure using discrete return lidar had its start in the work of
Maclean and Krabill (1986), who adapted a photogrammetric technique — the canopy
profile cross-sectional area — to the interpretation of lidar data. The canopy profile cross-
sectional area is the total area between the ground and the upper canopy surface along a
transect. When species composition was taken into account, the authors were able to
explain 92% of the variation in gross-merchantable timber volume (the volume of the
main stem of trees, excluding the stump and top but including defective and decayed

wood) in stands dominated by oaks, loblolly pine, or mixtures of the two types. Similar
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methods have proved effective in a variety of forest communities. Nelson et al. (1988)
successfully predicted the volume and biomass of southern pine forests using several
estimates of canopy height and cover from discrete-return lidar, explaining between 53%
and 65% of variance in field measurements of these variables. Later work by Nelson et
al. (1997) in tropical wet forests at the La Selva biological station obtained similar results
for prediction of basal area, volume, and biomass. They also developed a canopy
structure model that led to greater understanding of the optimal spatial configuration of
field sampling for comparison with profiling lidar data. Naesset (1997b) explained 45%—
89% of variance in stand volume in stands of Norway spruce and Scots pine, using
measurements of maximum and mean canopy height and cover. Hyyppéd and Inkinen
(2000) reported on use of small footprint lidar to detect and measure single trees in
Finland. In the sparse boreal forest that they studied, more than 30% of pulses reached
the ground before producing a first return, so that determining tree heights crown extents
was relatively straightforward and allowed very good estimates to be made of the
dimensions of individuals trees, with an R? of 0.97 between field measurements of tree
height and tree heights derived from lidar. Aggregating the lidar measurements of
individual trees produced an estimate of the stand that surpassed the accuracy of
conventional field inventories, with standard errors of mean height, basal area and stem
volume being 13.6%, 9.6% and 9.5% respectively.

Five published studies document the utility of waveform recording lidar in predicting
forest stand structure. Nilsson (1996) adapted a bathymetric lidar system for use in forest

inventory, and successfully predicted timber volume for stands of even-aged Scots pine.
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He used the height and the total power of each waveform as independent variables, and
explained 78% of variance. Lefsky and colleagues (1999a) used data from SLICER to
predict aboveground biomass and basal area in eastern deciduous forests using indices
derived from the canopy height profile. Of particular note, they found that relationships
between height indices and forest structure attributes (basal area and aboveground
biomass) could be generated using field estimates of the canopy height profiles, and
applied directly to the lidar-estimated profiles, resulting in unbiased estimates of forest
structure. Means and colleagues (1999) applied similar methods to evaluate 26 plots in
forests of Douglas-fir and western hemlock at the H. J. Andrews experimental forest.
They found that very accurate estimates of basal area, aboveground biomass, and foliage
biomass could be made using lidar height and cover estimates.

A fourth study (Lefsky et al., 1999b) used statistics derived from the CVM to predict
numerous forest structure attributes, including several not previously predicted from lidar
remote sensing. Stepwise multiple regressions were performed to predict ground-based
measures of stand structure from both conventional canopy structure indices (mean and
maximum canopy surface height, canopy cover) and CVM indices such as filled canopy
volume, open and closed gap volume, and a canopy diversity index — the average number
of CVM classes per unit height. The fifth published study (Drake et al., 2002) extends the
application of waveform recording lidar to a tropical wet forest in Costa Rica, where,
using the LVIS sensor, data were collected near the La Selva biological station. Using a
set of indices describing the vertical distribution of the raw waveforms and the fraction of

total power associated with the ground returns, they were able to predict field-measured
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quadratic mean stem diameter, basal area, and aboveground biomass, explaining up to

93%, 72%, and 93% of variance, respectively.
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CHAPTER 2

PRESENT STUDY

This chapter summarizes and documents the conclusions from this dissertation

research. The details are presented in the papers in the appendices of this dissertation.

2.1 Summary of Paper 1: Using airborne lidar to discern age classes of cottonwood trees
in a riparian area. Published in the Western Journal of Applied Forestry (A. Farid, D.C.
Goodrich, S. Sorooshian).

Airborne lidar (light detecting and ranging) is a useful tool for probing the structure of
forest canopies. Such information is not readily available from other remote sensing
methods and is essential for modern forest inventories. In this study, small-footprint lidar
data were used to estimate biophysical properties of young, mature, and old cottonwood
trees in the San Pedro River Basin near Benson, Arizona, USA. The lidar data were
acquired in June 2004, using Optech’s 1233 ALTM (Optech Incorporated, Toronto,
Canada), during flyovers conducted at an altitude of 600 m. Canopy height, crown
diameter, stem diameter at breast height (dbh), canopy cover, and mean intensity of
return laser pulses from the canopy surface were estimated for the selected cottonwood
trees from the lidar data. Linear regression models were used to develop equations
relating lidar-derived tree characteristics with corresponding field acquired data for each
age class of cottonwoods. The lidar estimates show a good degree of correlation with

ground-based measurements. This study also demonstrates that other parameters of
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young, mature, and old cottonwood trees such as height and canopy cover, when derived
from lidar, are significantly different (p < 0.05). Additionally, mean crown diameters of
mature and young trees are not statistically different at the study site (p = 0.31). The
results illustrate the potential of airborne lidar data to differentiate different age classes of
cottonwood trees for riparian areas quickly and quantitatively.

The conclusions of paper 1 are presented as follows.

The results of the current study show that lidar data can be used to accurately estimate
the properties of cottonwood canopies at the individual tree level. Lidar offers the
possibility of rapidly deriving biophysical variables in riparian areas using automated
techniques. Thus, seeing the cottonwoods in the riparian forest and more importantly
measuring them with lidar brings an important contribution to concepts such as precision
forest inventory and automated data processing for riparian forestry applications.

Overall, this research proved that small-footprint airborne lidar data is able to predict
stand structure attributes such as height, crown diameter, and canopy cover of riparian
cottonwood forests. Measurements of cottonwood canopy properties made with lidar data
in the riparian area were not significantly different from measurements taken on the
ground. The main objective of this research was to use lidar-derived estimates to
differentiate young, mature, and old cottonwood patches. The results illustrate the
potential of lidar data to differentiate different age classes of cottonwood trees for
riparian areas quickly and quantitatively. Furthermore, there is value in the intensity
return data for assisting in differentiating cottonwood trees, but this parameter needs

further investigation in order to develop a good understanding of the factors affecting
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how intensity returns are produced and recorded by the lidar sensor. Finally, the
capability to rapidly quantify the age distribution of cottonwoods in a riparian area will

provide an indicator of cottonwood regeneration capacity of a given area.

2.2 Summary of Paper 2: Riparian vegetation classification from airborne laser scanning
data with an emphasis on cottonwood trees. Published in the Canadian Journal of Remote
Sensing (A. Farid, D. Rautenkranz, D.C. Goodrich, S.E. Marsh, S. Sorooshian).

The high point density of airborne laser mapping systems enables achieving a detailed
description of geographic objects and of the terrain. Growing experience indicates,
however, that extracting useful information directly from the data can be difficult. In this
study, small-footprint lidar data were used to differentiate between young, mature, and
old cottonwood trees in the San Pedro River Basin near Benson, Arizona, USA. The lidar
data were acquired in June 2003, using Optech’s 1233 ALTM (Optech Incorporated,
Toronto, Canada), during flyovers conducted at an altitude of 750 m. The lidar data was
pre-processed to create a two-band image of the study site: a high accuracy canopy
altitude model band and a near-infrared intensity band. These lidar-derived images
provided the basis for supervised classification of cottonwood age categories, using a
maximum likelihood algorithm. The results of the classification illustrate the potential of
airborne lidar data to differentiate age classes of cottonwood trees for riparian areas

quickly and accurately.
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The conclusions of paper 2 are presented as follows.

This research employed a supervised classification technique, the maximum likelihood
algorithm, for differentiating age classes of cottonwood trees in a riparian area using
small-footprint airborne lidar data. We performed a maximum likelihood classification of
the 2-band lidar image (altitude and intensity images), resulting in seven land-cover
classes: young, mature, and old cottonwoods, mesquite, saltcedar, dry stream channel,
and open ground. To validate the image classification, we performed an accuracy
assessment, in which actual land-cover, as determined by field identification, was
compared with classes for the corresponding areas assigned by the maximum likelihood
classification. The overall classification accuracy was 78%; and the overall Kappa
statistic value of classification was 0.73. Accuracy assessment of the classified land-
cover map illustrates that lidar data contains information of value for image analysis. Old
and mature cottonwoods were well determined on the classified image. Young
cottonwoods were, for the most part, correctly classified, although some image areas
actually corresponding to mesquite or mature cottonwood were incorrectly identified as
young cottonwoods.

Overall, classification results illustrate the potential of airborne lidar data to differentiate
age classes of cottonwood trees for riparian areas quickly and quantitatively. Thus,
identifying cottonwoods in the riparian forest and, more importantly, differentiating
cottonwood age classes using lidar provides an important contribution to precision forest

inventory and automated data processing for riparian forestry applications.
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2.3 Summary of Paper 3: Using airborne lidar to predict leaf area index in cottonwood
trees and refine riparian water use estimates. Submitted to Journal of Arid Environments
(A. Farid, D.C. Goodrich, R. Bryant, S. Sorooshian).

Quantification of riparian forest structure is important for developing a better
understanding of how riparian forest ecosystems function. Additionally, estimation of
riparian forest structural attributes, such as Leaf Area Index (LAI), is an important step in
identifying the amount of water use in riparian forest areas. In this study, small-footprint
lidar data were used to estimate biophysical properties of young, mature, and old
cottonwood trees in the Upper San Pedro River Basin, Arizona, USA. The lidar data were
acquired in June 2003, using Optech’s 1233 ALTM (Optech Incorporated, Toronto,
Canada), during flyovers conducted at an altitude of 750 m. Canopy height, maximum
laser height, and mean laser height were derived for the cottonwood trees from the data.
Linear regression models were used to develop equations relating lidar height metrics
with corresponding field-measured LAI for each age class of cottonwoods. The lidar
height metrics show a good degree of correlation with field-measured LAI In addition,
four metrics (tree height, height of median energy, ground return ratio, and canopy return
ratio) were derived by synthetically constructing a large footprint lidar waveform from
small-footprint lidar data (we summed up a series of Gaussian pulses that were vertically
stacked by elevation band produced by the small-footprint elevation data to create a
modeled large-footprint return waveform and compared the synthetic waveforms with
ground-based Intelligent Laser Ranging and Imaging System (ILRIS) scanner images in

cottonwood trees). These four metrics were incorporated into a stepwise regression
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procedure to predict field-derived LAI for different age classes of cottonwoods. Metrics
from lidar synthetic waveform are able to significantly estimate LAI, though in all cases
logarithmic transformation of the dependent variable was necessary. Furthermore, this
research applied the Penman-Monteith model to estimate transpiration of the cottonwood
clusters using lidar-derived canopy metrics, such as height and LAI, so improved riparian
water use estimates could be made.

The conclusions of paper 3 are presented as follows.

We have shown that one can synthesize the vertical structure information for
cottonwood trees in a medium-large footprint laser altimeter return waveform using a
small-footprint elevation data set. The similarity between modeled waveform and return
waveform from ILRIS scanner was assessed using Pearson correlation. Overall, the
waveforms had a good degree of correlation. Although the modeled and ILRIS
waveforms identify reflecting layers at the same elevations, the relative strengths of
reflections from those layers varied. In addition, cottonwood tree-age changes are likely
mirrored in the shape or vertical geolocation of the waveform.

For each cottonwood tree, three laser height metrics were derived by all small-footprint
lidar returns from cottonwood canopy surface. The derived heanopy and Lzmax laser height
metrics are capable of estimating LAI for different age classes of cottonwoods.
Additionally, four metrics were derived from the modeled large-footprint return
waveforms for different age classes of cottonwood trees in a riparian corridor. These four
metrics were incorporated into a stepwise regression procedure to predict field-derived

LAI Metrics from lidar waveform are able to significantly estimate LAI for different age
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classes of cottonwood trees, though in all cases logarithmic transformation of the
dependent variable was necessary. Furthermore, the slightly weaker relationship between
LAI and lidar metrics among young, mature, and old-growth stands is caused by the lack
of significant differences in LAI between different age classes of cottonwoods that have
been measured in field. We have presented the lidar-predicted versus sap flow measured
cottonwood transpirations at two contrasting riparian sites. Lidar-predicted transpiration
of the cottonwood cluster at two stream sites was 2-5% more than their sap flow
measurements. The differences in LAI between the lidar-derived and sap flow measured
account for most of the differences in the magnitude of ET. Additionally, the differences
in the projected canopy area of the clusters between lidar and aerial photograph estimates
caused reductions in sap flow measured transpiration at two stream sites. Overall, canopy
structure, atmospheric demand, and depth to groundwater played significant roles in the
fluctuations in transpiration of cottonwood trees in this riparian ecosystem.
Understanding the different unique attributes and behaviors of cottonwood forests in
different parts of this riparian area is important to accurately estimate the water budget of
the whole riparian corridor.

The primary research conclusions of the dissertation can be summarized as follows.

(1) Measurements of cottonwood canopy properties made with airborne lidar were not
significantly different from ground-based measurements.

(2) Small footprint airborne lidar system allows rapid measurements cottonwood canopy

characteristics over large and inaccessible areas.
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(3) The results indicate it is possible to use small footprint airborne lidar data to
differentiate isolated young, mature, and old cottonwood patches.

(4) The results of the synthetic waveform approach from small footprint airborne lidar
indicate that vertical tree structure information, such as LAI, can be derived.

(5) Lidar-predicted transpiration of the cottonwood cluster at two stream sites was 2-5%
more than their sap flow measurements. The differences in LAI between the lidar-derived
and sap flow measured account for most of the differences in the magnitude of ET. While
riparian cottonwood water use is also regulated by stomata control, strategically acquired
lidar data and derived spatially explicit LAI measurements, offer significant potential to

improve corridor level riparian water use estimates.
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APPENDIX A: Using airborne lidar to discern age classes of cottonwood trees in
a riparian area
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Abstract

Airborne lidar (light detecting and ranging) is a useful tool for probing the structure of
forest canopies. Such information is not readily available from other remote sensing
methods and is essential for modern forest inventories. In this study, small-footprint lidar
data were used to estimate biophysical properties of young, mature, and old cottonwood
trees in the San Pedro River Basin near Benson, Arizona, USA. The lidar data were
acquired in June 2004, using Optech’s 1233 ALTM (Optech Incorporated, Toronto,
Canada), during flyovers conducted at an altitude of 600 m. Canopy height, crown
diameter, stem diameter at breast height (dbh), canopy cover, and mean intensity of
return laser pulses from the canopy surface were estimated for the cottonwood trees from
the data. Linear regression models were used to develop equations relating lidar-derived
tree characteristics with corresponding field acquired data for each age class of

cottonwoods. The lidar estimates show a good degree of correlation with ground-based
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measurements. This study also demonstrates that other parameters of young, mature, and
old cottonwood trees such as height and canopy cover, when derived from lidar, are
significantly different (p < 0.05). Additionally, mean crown diameters of mature and
young trees are not statistically different at the study site (p = 0.31). The results illustrate
the potential of airborne lidar data to differentiate different age classes of cottonwood

trees for riparian areas quickly and quantitatively.

Keywords: Lidar; Canopy; Cottonwood; Riparian; San Pedro River basin

* Corresponding author. Tel.: +1-520-891-0735; fax: +1-520-626-4479.
E-mail address: farid@hwr.arizona.edu (A. Farid).



mailto:soni@hwr.arizona.edu

46

A.1 Introduction

Vegetation patterns and associated canopy structure influence landscape functions
such as water use, biomass production, and energy cycles. The properties of vegetation
and canopy must be quantified in order to understand their roles in landscapes and before
management plans can be developed for the purpose of conserving natural resources.
Vegetation patterns can be mapped from ground-based inventory techniques, or by using
aerial photography or satellite imagery. If sampling is sufficiently intense, ground-based
techniques alone can produce accurate results. However, determining the physical
properties of canopy architecture and structure (i.e. height, density, timber volume) with
conventional ground-based technology is difficult, labor intensive, costly, and usually
very limited for assessing large scale or landscape characteristics. Resource managers
have become increasingly interested in developing and utilizing alternative sources of
information that are more cost effective or offer opportunities to manage resources more
efficiently.
Recent progress in three-dimensional forest characterization at the stand level mainly
includes digital stereophotogrammetry, synthetic aperture radar, and lidar (light detecting
and ranging). Lidar is a technique in which light at high frequencies, typically in the
infrared wavelengths, is used to measure the range between a sensor and a target, based
on the round trip travel time between source and target. Airborne Laser Scanning (ALS)
is a measurement system in which pulses of light (most commonly produced by a laser)
are emitted from an instrument mounted in an aircraft, directed to the ground in a

scanning pattern. This method of recording the travel time of the returning pulse is
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referred to as pulse ranging (Wehr and Lohr, 1999). The type of information collected
from this returning pulse distinguishes two broad categories of lidar sensors: discrete-
return (small footprint) lidar devices and full-waveform (large footprint) recording
devices.

The foundations of lidar forest measurements lie with the photogrammetric techniques
developed to assess tree height, canopy density, forest volume, and biomass. Airborne
laser measurements were used in place of photogrammetric measurements to estimate
forest heights and canopy density (Nelson et al., 1984) and forest volume or biomass
(Maclean and Krabill, 1986; Nelson et al., 1988a; 1988b). For instance, Nelson et al.
(1988b) predicted the volume and biomass of southern pine (Pinus taeda, P. elliotti, P.
echinata, and P. palustris) forests using several estimates of canopy height and cover
from small-footprint lidar, explaining between 53% and 65% of the variance in field
measurements of these variables.

Research efforts investigated the estimation of forest stand characteristics with scanning
lasers that provided lidar data with either relatively large laser footprints (Blair et al.,
1999; Lefsky et al., 1999) or small footprints, but with only one laser return (Naesset,
1997a; 1997b; Magnussen et al., 1999). Small-footprint lidars are available commercially
and research results on their potential for forestry applications are very promising.
Despite the intense research efforts, practical applications of small-footprint lidar have
not progressed as far, mainly because of the current cost of lidar data.

The height of a forest stand is a crucial forest inventory attribute for calculating timber

volume, site potential, and silvicultural treatment scheduling. Tree heights have been
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derived from scanning lidar data sets and have been compared with ground-based canopy
height measurements (Naesset, 1997a; 1997b; Magnussen et al., 1999). Results were well
correlated with ground-based data, but a high spatial density of lidar shots is required to
achieve an acceptable level of accuracy.

An estimate of canopy cover has been made using discrete-return lidar devices. This
estimate is produced by counting the number of measurements considered to have been
returned from the canopy surface and dividing the result by the total number of
measurements for the study site (Ritchie et al., 1993; Weltz et al., 1994), where the
measurements are the number of discrete returns.

The primary purpose of this research was to use a small-footprint lidar to estimate
biophysical variables in cottonwood trees in the San Pedro Riparian National
Conservation Area (SPRNCA) in southeastern Arizona, USA. The SPRNCA is a globally
important migratory bird route. Its cottonwood riparian forest supports a great diversity
of species and is widely recognized as a regionally and globally important ecosystem
(World Rivers Review, 1997). Additionally, lidar studies published to this point have
shown success in several forest types with large-footprint lidar, but applications of small-
footprint lidar to forestry have not progressed as far (Means, 2000), being limited mainly
to measuring even-aged conifer stands. Thus, the performance of lidar in cottonwood
riparian forests remains untested and any related analytical and processing issues are yet
to be identified. The main objective of this study was to differentiate different age classes
of cottonwood trees by using small-footprint lidar for riparian areas. Riparian cottonwood

trees use water in proportion to their age (Schaeffer et al., 2000), and are especially large
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users of water in flood plains along rivers in semi-arid environments. More accurate
quantification of riparian water use is required to manage basin water resources to
maintain the economic, social, and ecological viability of these areas and ensure water for
a growing human population in the basin. Cottonwoods of different age cannot be
distinguished by multi-spectral methods. However, the older cottonwoods exhibit a
canopy that is more crowned in shape than the younger trees, thus differences in tree
shape as a function of tree age led us to investigate the use of lidar to identify and classify
cottonwoods of different age classes. Another important reason for determining the age
and canopy characteristics of cottonwood is to discern the recruitment and establishment
of cottonwood seedlings in riparian corridors. Because of regulation of streamflow by
dams and reservoirs in many western rivers, the occurrence of significant floods which
are essential for the recruitment of young cottonwoods, has been greatly reduced. The
capability of rapidly quantifying the age distribution of cottonwoods from lidar in a
riparian corridor would provide a useful indicator of cottonwood regeneration capacity of
a given corridor. The specific goals of this study were:

(1) Derive various geometric measures for different age classes of cottonwoods from
lidar data and determine the relationships between cottonwood biophysical properties
with ground-based measurements.

(2) Use lidar derived-metrics to differentiate different age classes of cottonwood trees.
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A.2 Materials and methods
A.2.1 Study area

The study was conducted along a reach of the San Pedro River (Escalante study site;
31° 51I'N, 110° 13'W; 1110m elevation) within the SPRNCA in southeastern Arizona,
USA (Fig. A.1). The study site is about 1.2 km long north to south and 1.4 km wide east
to west and is relatively flat. The overstory is dominated by riparian forest vegetation,
consisting of cottonwood (Populus fremontii) and mesquite (Prosopis velutina) as
dominant and sub-dominant overstory species, respectively. The study area is populated
by young-to-old dense cottonwood stands. Patches of cottonwood riparian forest are
located along the stream channel. The understory consists mainly of a perennial
bunchgrass (Sporobolus wrightii), creosote (Larrea tridentata), and saltcedar (Tamarix

chinensis).

A.2.2 Ground inventory data

Ground validation data were collected from July 2004 to April 2005. Three different
ages of cottonwood trees were included in the field sampling — young cottonwoods (less
than 15 years), mature cottonwoods (16 to 50 years), and old cottonwoods (greater than
50 years) (Fig. A.2). Stem diameters at breast height (dbh) (diameter measured at 1.37 m
above the ground) were measured with a diameter tape and recorded to the nearest mm to
discriminate between young, mature, and old cottonwood patches, based on river-specific

equations that relate dbh to tree age (Stromberg, 1998). Dbh values varied, from less than
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25 cm for young cottonwoods, 25 to 90 cm for mature cottonwood stands, and greater
than 90 cm for old cottonwoods.

A total of 84 cottonwood trees were used to determine forest mensuration. Of the 84
cottonwoods, 25 old, 30 mature, and 29 young isolated trees were selected that were at
least 6 m apart. A differential global positioning system (DGPS) was used to determine
the location of each individual tree within sub-meter planimetric accuracy (Trimble 5700
GPS). We measured 4 points around each tree at the edge of the tree canopy. In addition,
all tree locations were determined using 60-second static measurements with a 12-
channel GPS receiver. The GPS antenna height varied between 1.8 m and 3.6 m, with an
average height of 2.5 m. All measurements were collected during the leaf-off season. The
lack of canopy foliage and the raised antenna in the old cottonwood stands reduced the
error effects of forest canopies on GPS measurements. These trees were identified in the
lidar dataset by matching field DGPS locations with the georeferenced lidar data.

Within the study area, dbh, tree height, and crown widths along the major and minor axes
were measured for each cottonwood tree. It was assumed that cottonwood tree crowns
could be represented by an ellipsoidal geometric shape. The height and crown widths
along the major and minor axes were estimated using a hand held laser distance
measuring instrument (Impulse 200LR). Two measures for height were taken from
different vantage points separated by 90 degrees. The mean of these two height measures
for each tree was regressed on the corresponding height estimated from lidar data. The
crown diameter, the average of crown widths along two perpendicular directions, was

measured for each crown. Descriptive statistics of the field inventory data for young,
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mature, and old cottonwoods were computed are given in Table A.1. The mean dbh was
22 cm for young cottonwoods. The mean dbh for mature and old cottonwoods was 51 cm
and 106 cm, respectively. As would be expected, the young cottonwoods had the lowest
height with values ranging from approximately 7 to 16 m. The lowest mean crown
diameter also corresponded to the young trees with a value of 5 m. Old cottonwoods were
the tallest trees with values ranging from 20 to 27 m in height with a mean crown
diameter at 21 m. For mature cottonwoods, height ranged from 15 to 22 m, with a mean

crown diameter of 10 m.

A.2.3 Lidar dataset and analysis

The Optech ALTM 1233 (Optech Incorporated, Toronto, Canada) was used to survey
the study site on June 22, 2004. Characteristics of the ALTM 1233 include a pulse rate of
33 kHz, a scanning frequency of 28 Hz, a scan angle of + 20°, a collection mode of first
and last returns, and intensity of returns from a 1064 nm laser. The ALTM 1233 was
mounted on a University of Florida plane flying at 600 m above the ground at a velocity
of 60 m/s. The aircraft and ALTM 1233 configuration resulted in a cross track point
spacing of 0.73 m, a forward point spacing of 2.1 m, and a footprint size of
approximately 15 cm. The density of lidar point measurements is approximately 2-4
points/m?; as a result, the entire study area was covered by 8 parallel flight lines. For the
entire research area, 50% overlapping flight lines were used to ensure complete coverage,
which generated approximately 5 million laser returns. The lidar data were processed and

classified using the Optech REALM 3.0.3d software. Three data layers were produced
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from the classification: (1) ground last, (2) vegetation last and (3) vegetation first. The
ground last data layer was a robust representation of the terrain. For this study, vegetation
last and vegetation first data layers were merged into a single vegetation class.

To derive any type of tree height measurement, a ground reference level must be
established. The point data in the ground class were interpolated using the kriging
interpolation technique to produce a Digital Elevation Model (DEM) with a 0.5 m spatial
resolution. Kriging is a method of interpolation, which predicts unknown values from
data observed at known locations. This method uses variogram to express the spatial
variation, and it minimizes the error of predicted values, which are estimated by spatial
distribution of the predicted values (Oliver and Webster, 1990). The DEM was created by
ordinary kriging (no drift) using the linear semivariogram model (slope = 1, anisotropy
ratio = 1 and anisotropy angle = 0) and the 25 closest points at each grid node. Kriging is
a powerful and flexible gridding method. This method sufficed in producing accurate
elevation models in comparison with other techniques like inverse distance weighted
(Cressie, 1991). Kriging interpolation also works best for known values that are not
evenly scattered (Oliver and Webster, 1990). Additionally, kriging technique has the
ability to provide an assessment of the interpolation error (Cressie, 1991). The point data
in vegetation-classified hits were interpolated to a regular grid that corresponded to the
DEM, thereby creating a canopy altitude model. The canopy altitude model was produced
by ordinary kriging (no drift) using the linear semivariogram model with nugget effect
(error variance = 0.05, micro variance = 1) and the 16 closest points at each grid node.

Additionally, the search radius for the canopy altitude model is less than the DEM search
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radius. The canopy altitude model has a grid size of 0.5 m. Fig. A.3 shows the terrain and
overlaid canopy altitude model for the study site. The local maximum technique (Wulder
et al., 2000) was used to discriminate cottonwoods in the canopy altitude model. The
process for using the local maximum technique took place in different steps. First, four
differentially corrected GPS points were acquired in the field at the corners of a square
centered on each cottonwood, from which we identified each cottonwood on the canopy
altitude model. Second, the algorithm reads the elevation value at each pixel in the tree’s
canopy altitude model and if the current pixel corresponds to the local maximum, it is
flagged as a tree top. The base of the tree was taken to be the point on the DEM beneath
the top of the tree. Tree height was calculated by subtracting of the elevations of the
bottom from the top of the tree. Finally, successful identification of the tree crown using
the local maximum technique depends on the careful selection of the filter window size.
Tree crown form has been associated with different geometric shapes. Although the form
of a tree crown does not follow exactly a Euclidean geometric shape, when seen from
above, the tree crown can be projected most closely within a circle. Therefore, it is
evident that using local maximum technique to identify individual crowns with a circular
window of variable diameter is more appropriate than using a square window (Popescu et
al., 2003). The derivation of the appropriate window size is based on the assumption that
there is a relationship between the height of the trees and their crown width. Thus, tree
height and crown width data from the field inventory were used to derive a relationship
between tree height and crown width. Based on the canopy altitude model heights and the

relationships between the height and crown width, the window size varied between 8§ by 8
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and 63 by 63 pixels, which corresponds to crown widths between 4.0 m and 31.5 m. This
algorithm was implemented in IDL Version 6.0 (Research Systems, Inc., Boulder, CO).
The process for computing the lidar estimate of dbh for different age classes of
cottonwoods took place in three steps: First, the relation of field measurements of tree
height and dbh was incorporated into a second order polynomial regression procedure.
Second, field height was replaced by lidar height in the regression analysis, with
equations 1, 4, and 7 in Table A.2. Finally, lidar tree dbh was predicted from lidar tree
height metric by using second-order regression equation. The lidar estimate of canopy
cover was determined for each age-class of cottonwood tree, by counting the number of
first returns from the canopy surface and dividing by the total number of the first and last
returns. Canopy cover is estimated in percent and is related to the size of the objects (tree
crowns).

Lidar crown diameter is the average of two values measured along two perpendicular
directions of the same canopy altitude models. The two perpendicular directions of each
tree crown are centered on the tree top. The fourth-degree polynomial allows the
corresponding function to have a convex shape along the vertical profile of each direction
of tree crown. The fitted function follows the vertical profile of a tree crown, and points
of inflection or critical points occur on the edges of a crown profile, where the concavity
of the fitted function changes. When these conditions are met, the fitted function
indicates a tree crown profile; the distance between critical points was used to calculate
the length of each of the two directions. The critical points of the fitted function were

found based on the first and second derivatives. A similar technique was used by Popescu
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et al. (2003) with lidar data to estimate crown diameter for stands of pine and deciduous

trees.

A.2.3.1 Intensity of Reflected Laser Pulse

Little work has been published on the information content of lidar intensity returns for
vegetation/forest analysis. For instance, Schreier et al. (1984) developed a method to
discriminate broadleaf and conifer forests based on canopy heights, the power of the laser
intensity return, and the variability of the power; Lim et al. (2003) derived mean laser
height from filtered lidar returns, based on a threshold applied to the intensity return
values for tolerant hardwood forests in Canada. The return intensity is related to surface
reflectance. At lidar wavelength, young cottonwoods exhibit different reflectance than
older ones because of their different leaf area index (Schaeffer et al., 2000). Thus, the
return intensity could potentially assist in the discrimination of different age classes of
cottonwoods. Using basic exploratory data analysis techniques, the mean of the intensity

distribution of each canopy surface was calculated for all cottonwoods.
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A.3 Results and discussion
A.3.1 Lidar versus ground-based estimates of canopy properties

Linear regression models were used to develop equations relating lidar-derived
parameters, such as tree height and crown diameter, with corresponding field inventory
data for each age class of cottonwood trees. The linear regression models that were found
to be the most predictive were then cross-validated (Cressie, 1991) to define a
generalization error (RMSE). Lidar forest biophysical properties such as mean height
have been compared, with varying accuracy and strength of correlation, to ground
measurements in temperate (Maclean and Krabill, 1986), tropical (Nelson et al., 1997),
and boreal (Naesset, 1997a; Magnussen et al., 1999) forests. However, the performance
of lidar in cottonwood riparian forests remained untested and any related analytical and
processing issues had yet been identified. Also, in previous studies, regression models for
developing equations relating lidar-derived variables with corresponding field inventory
data were used to differentiate between different forest types. But in this study, these
models are used to differentiate between different ages of one forest type (cottonwood).
A summary of all regression models that we developed is presented in Table A.2. Fig.
A.4a-c contains the scatterplots comparing lidar-derived and field-measured height for
each type of cottonwood tree. In this case, the coefficient of determination for lidar
versus field heights were 0.90, 0.87, and 0.81 for young, mature, and old, respectively.
The lowest r’>value was obtained for old cottonwoods. The lidar system presents
difficulties in detecting the uppermost portion of old cottonwood tree canopies because of

the conical nature of the tree crown. However, the top portion of the crown may not be of
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sufficient area to register as a significant return signal and therefore may not be detected.
In addition, determining the exact elevation of the ground surface poses difficulties for
both old and mature cottonwoods because the understory is dense enough to substantially
occlude the ground surface. As a result, old cottonwood tree heights were
underestimated. During fieldwork, many situations arose where the top of an old tree

crown was not discernible and Impulse 200LR was simply pointed at what was perceived

to be the tree top. The r”increased from 0.81 to 0.90 when young cottonwoods were
considered. The actual ground terrain detected by lidar for young trees is more accurate
and precise than those estimates for old and mature trees because the area beneath the
young trees is predominantly bare soil. However, even given these complications it is
encouraging that the height RMSE was less than the typical vertical accuracy of small-
footprint lidar (~10 cm). The scatterplots comparing lidar-derived and field-measured
crown diameter for each age class of cottonwood trees are presented in Fig. A.4d-f. The

coefficient of determination for lidar versus field crown diameters were 0.84, 0.81, and

0.88 for young, mature, and old, respectively. The lowest r’value was obtained for
mature cottonwoods because some of the crowns of mature cottonwoods overlap, while
the algorithm for calculating crown diameter on the lidar canopy altitude model applies
best to measuring non-overlapping crowns. The field measurements considered crowns to
their full extent and therefore measured overlapping crown diameters. The 7> improved
from 0.81 to 0.88 when old cottonwoods were examined. The crowns of these old
cottonwoods are isolated from each other, and therefore lidar distinguished them easily

and more accurately. Also, there is a large difference between the elevations of each tree
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crown and its surrounding understory vegetation, allowing easier discrimination between
their pixels on the lidar canopy altitude model. Part of the unexplained variance for
crown diameter can also be attributed to errors of co-registration between lidar and the
ground location of trees, influenced by both lidar positioning accuracy and DGPS errors
for locating trees.

The scatterplots comparing lidar-derived and field-measured dbh for each age class of

cottonwoods are shown in Fig. A.4g-i. Results from regressing dbh on all age classes of

cottonwoods did not produce 7> values greater than 0.70. The relatively poor regression
relationship is likely because dbh derived indirectly from the relation of field tree height
to field measured dbh, and therefore lidar dbh accuracy, is directly related to the accuracy
of the height estimate from lidar. The highest »* was found for young trees, because the
relative accuracy of young tree height estimates from lidar data is the highest of the three
tree age groups. Meanwhile, the RMSE for all age classes of tree dbh (Table A.2) is the
highest.

The results of comparison of tree height between lidar and the field measurement for old,
mature, and young cottonwood trees are presented in Fig. A.5a-c. The range of
differences of tree height between lidar and the field measurements for all types of
cottonwoods is 10~200 cm, reflecting a relatively good correlation overall. Lidar heights
tend to be somewhat lower than field measurements (Fig. A.5a). However, in some of the
young trees (Fig. A.5c), tree height calculated by lidar is higher than field measurements.
This may have occurred due to lidar returns reflected from the canopy top of taller trees

in close proximity to the field-measured tree.
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A.3.2 Differences among age classes of cottonwood trees

In contrast to Lefsky et al. (1999), which explained differences in canopy structure
between four age classes of Douglas-fir and western hemlock forests using full-waveform
lidar, we differentiated different age classes of cottonwoods using various lidar metrics
such as height based on statistical analysis. Comparing lidar-derived mean heights for age
classes indicates, as expected, that tree height is correlated to age (Fig. A.6a), and is
statistically significant by age class. The old cottonwoods had the highest mean height
estimate. An independent samples t-test showed the difference between young and
mature means of height was significant (p < 0.001). Also, mean heights of young and old
trees differed significantly (p < 0.001). The old and mature trees were taller and lidar
showed this difference quite well. Similarly, Figs. A.6b and A.6¢c compare the mean of
crown diameter and canopy cover. As expected, the young cottonwoods had the lowest
mean crown diameter. The highest mean crown diameter was estimated for old
cottonwoods. The mean crown diameter of old trees was higher than young (p = 0.0001)
because old cottonwoods had cone or cylinder shaped crowns, whereas young
cottonwoods had narrow and upright crowns. Some of the crowns of mature trees
overlapped. Since the algorithm for calculating crown diameter on the lidar canopy
altitude model best suited to measure the non-overlapping portion of crowns, the lidar-
estimated crown diameter is lower than field determined size. Thus, mean crown
diameters of mature and young trees were not statistically different at the study site (p =

0.31).



61

The mean canopy cover was significantly different for young and old cottonwoods with
young canopy cover less than old (p = 0.0003). The young cottonwoods have columnar
shaped crowns and thus their crown size is much smaller than for old trees, which have
conical and flat-topped crowns. Mean canopy covers of mature and young also differed
significantly (p < 0.05) at the study site. The lidar estimate of canopy cover is directly
related to the number of laser returns from a crown, and because of the gaps in young
canopies, a number of the laser pulses were able to penetrate the canopy, generating
lower values for canopy cover.

Mean lidar intensities were least for old and greatest for young canopies (Fig. A.6d). The
return intensity is related to surface reflectance. At 1064nm wavelength, young
cottonwoods exhibit higher reflectance than older ones because of their higher leaf area
index (Schaeffer et al., 2000) and different leaf architecture, such as less drooping and
less micro gaps between leaves. Mean intensity of mature trees did not differ significantly
(p = 0.16) from young ones. The reflectance of mature and young canopies is similar due
to their leaves and branches having almost the same color and brightness, as seen in Fig.
A.2. Tt is evident from this discussion that more study is required focusing on the
information content of intensity return data and the factors that influence how much
energy is reflected from a surface back to a lidar sensor. Furthermore, lidar-derived
canopy metrics from this study and the return intensity data will be incorporated into
supervised image classification algorithms, using a maximum likelihood technique, to

differentiate age classes of cottonwood trees.
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A.4 Conclusions

The results of the current study show that lidar data can be used to accurately estimate
the properties of cottonwood canopies at the individual tree level. Lidar offers the
possibility of rapidly deriving biophysical variables in riparian areas using automated
techniques. Thus, seeing the cottonwoods in the riparian forest and more importantly
measuring them with lidar brings an important contribution to concepts such as precision
forest inventory and automated data processing for riparian forestry applications.
Overall, this research proved that small-footprint airborne lidar data is able to predict
stand structure attributes such as height, crown diameter, and canopy cover of riparian
cottonwood forests. Measurements of cottonwood canopy properties made with lidar data
in the riparian area were not significantly different from measurements taken on the
ground. The main objective of this research was to use lidar-derived estimates to
differentiate young, mature, and old cottonwood patches. The results illustrate the
potential of lidar data to differentiate different age classes of cottonwood trees for
riparian areas quickly and quantitatively. Furthermore, there is value in the intensity
return data for assisting in differentiating cottonwood trees, but this parameter needs
further investigation in order to develop a good understanding of the factors affecting
how intensity returns are produced and recorded by the lidar sensor.
Future research will apply the well-known P-M model (Monteith and Unsworth, 1990) to
model age classes of cottonwood transpiration using lidar-derived canopy metrics, such
as height and Leaf Area Index (LAI), so improved riparian water use estimates can be

made. The LAI will be derived by synthetically constructing a large footprint lidar
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waveform from the airborne small-footprint lidar data. In addition, the capability to
rapidly quantify the age distribution of cottonwoods in a riparian area will provide an

indicator of cottonwood regeneration capacity of a given area.
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Table A.1 Descriptive statistics of the field inventory data for young, mature, and old
cottonwoods

dbh Height Crown
Statistic (cm) (m) diameter (m)
Young (n = 29)
Mean 22 12 5
Min. 10 7 4
Max. 29 16 9
SD 6 3 1
Mature (n = 30)
Mean 51 19 10
Min. 27 15 6
Max. 73 22 15
SD 15 3 3
Old (n=25)
Mean 106 24 21
Min. 93 20 11
Max. 131 27 32
SD 12 2 7

Note: SD, standard deviation.
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Forest structural characteristic =~ Equation R** RMSE

Young

Height (m) (1) Fieldht =1.16 + 0.90 x Lidarht ~ 0.90 0.74

Crown diameter (m) (2) Fielded=-1.13 + 1.17 x 0.84 1.58
Lidarcd

dbh (cm) (3) Fielddbh = 0.02 + 1.03 x 0.67 3.27
Lidardbh

Mature

Height (m) (4) Fieldht = 1.03 + 0.97 x Lidarht ~ 0.87 0.97

Crown diameter (m) (5) Fielded = 3.32 + 0.76 x Lidarcd  0.81 1.77

dbh (cm) (6) Fielddbh = -2.46 + 1.03 x 0.64 8.85
Lidardbh

Old

Height (m) (7) Fieldht = 4.26 + 0.89 x Lidarht  0.81 1.97

Crown diameter (m) (8) Fielded = 0.20 + 1.02 x Lidarcd  0.88 1.23

dbh (cm) (9) Fielddbh = 38.27 + 0.64 x 0.59 9.42

Lidardbh

* All values significant (P<0.01).
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Figure A.1. Location map and color infrared aerial photograph of the Escalante study site
in the San Pedro River Basin, Arizona.
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Figure A.2. Photos depicting (a) young, (b) mature, and (c) old cottonwood trees.



Altitude ()
1131
1126
1121
1116
111

Mo rata

Wl ©Oid Cottonwoods
ture Cottonwoods)
Young Cottonwoods

1141
1136
131
1126
"2
1118
111

No D ata

Figure A.3. Spatial pattern of DEMs (a) bare ground model and (b) canopy altitude
model for the study site.
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Figure A.4. Scatterplots comparing lidar-derived and field-measured height, crown
diameter, and dbh for each type of cottonwood tree on the study region.
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canopy cover (c), and canopy intensity (d) derived from lidar data for different age
classes of cottonwood trees.
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A.6 Appendix I: Specifics of intensity data from airborne laser scanning (ALS) system
A.6.1 Intensity of reflected laser pulse

The ALS systems with intensity returns enable the user to simultaneously see the
features, like black and white photography, and gives visual help to understand surveyed
areas.
Intensity is the relative reflectance value between transmitted and received power. Let us
assume that the laser footprint completely covers the entire target area which reflects the
beam back to the source and the reflected power radiates uniformly into a hemisphere.
Based on the equations by Baltsavias (1999) for the relation between transmitted and

received laser pulse, the total power reflected from the target is:

_P _ __MPD,
})reﬂ _;(DtarAtar - pﬂ'(D'FR}/)z (A.6-1)

Where
p = reflectivity of target,

Atar (m?) = target area,

®tar = power density within an illuminated target,
Pt = Transmitted power,

M =Atmospheric transmission,

Drar = diameter of target object,

R =range (distance between sensor and object),
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v (mrad) = laser beam divergence (IFOV).
The power reflected from the target, Prefi that is collected by the receiver optics, with M
the atmospheric transmission and A, the receiver area, is the power collected by the

receiver, Pr:

A}"
F =F M e (A.6-2)
D2
4 = ”4 T (A.6-3)

Where Dr = Diameter of receiving optics. Combining the above equation yields: (with
assuming Ar= Arar)
M*4

P=p ﬁRzr F (A.6-4)

The above equation can also be used with the transmitted and received energy per pulse
instead of the power. In the pulse laser 1064 nm wavelength of the ALS system, intensity
can be expressed in the form shown in Equation A.6-5.
2
Intensity = poq, ﬂTerT (A.6-5)
This is an approximation by Baltsavias (1999) since there are additional losses, due to the

optical transmission of the transmitter and receiver optics, and the narrow band pass filter

at the receiver which exclude background radiation.
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The returning intensity depends on the reflectance of the surface. At 1064nm wavelength,
sand, water, concrete, and vegetation exhibit high reflectance. Dark surfaces, such as
asphalt, wet surfaces, and mud have much lower reflectivity. The intensity is also

affected by the surface texture, the distance from the aircraft to the surface, and the

orientation of the surface to the receiver.

A.6.2 Correlation between ALS intensity and target reflectance

When discussing laser wavelength, one should also consider the backscattering
properties of the target on object surface. For instance, Figure A.6.1 is a digital color
image taken by the UF ADP system. It is a coastal scene near St. Augustine, Florida,
which includes grasses, concrete sidewalks, asphalt roads, sand, and ocean. In Figure
A.6.2, we show the ALS laser data of the same area. The ALS points were manually
divided into six land-cover groups, as shown in Table A.6-1.
Since the ALS data has height and intensity information at each X and Y coordinate,
some ground objects can be classified using the correlation between height and intensity.
In Figure A.6.3, we show the correlation between the ALS intensity and height.

Examination of Figure A.6.3 shows that for this scene, buildings, asphalt, and ocean areas
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Figure A.6.1. Test area for checking reflectance of the wavelength of the ALS laser
intensity.

Table A.6-1 Classification of ALS data group. Table adapted from Park et al. (2002).

Raw ALSM data group Classification
A Ocean
B Asphalt
C Building]1
D Concrete building
E Concrete + Grass

Grass + Sand
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Figure A.6.2. Classification by correlation of ALS elevation and intensity. Figure
adapted from Park et al. (2002).

can be easily classified, but groups E and F, which consist of mixtures of concrete and
grass, and grass and sand, could not be separated to one class.

To check reflectance of the 1064nm wavelength of the ALS laser intensity, the AVIRIS
hyperspectral data for sand, asphalt, grass and concrete are shown at Figure A.6.4.
Although asphalt has low reflectance, just as it has a lower intensity value, the reflectance

of grass, sand, and concrete is too close to distinguish each object using just reflectance.
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Figure A.6.3. Correlation of the ALS height data to intensity data. Figure adapted
from Park et al. (2002).
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The reflectivity of a target for a given wavelength also influences the maximum range.
Thus, manufacturers and system providers’ specifications for the maximum range should

always specify type of target reflectivity (Wehr and Lohr, 1999).
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Abstract

The high point density of airborne laser mapping systems enables achieving a detailed
description of geographic objects and of the terrain. Growing experience indicates,
however, that extracting useful information directly from the data can be difficult. In this
study, small-footprint lidar data were used to differentiate between young, mature, and
old cottonwood trees in the San Pedro River Basin near Benson, Arizona, USA. The lidar
data were acquired in June 2003, using Optech’s 1233 ALTM (Optech Incorporated,

Toronto, Canada), during flyovers conducted at an altitude of 750 m. The lidar data was
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pre-processed to create a two-band image of the study site: a high accuracy canopy
altitude model band and a near-infrared intensity band. These lidar-derived images
provided the basis for supervised classification of cottonwood age categories, using a
maximum likelihood algorithm. The results of classification illustrate the potential of
airborne lidar data to differentiate age classes of cottonwood trees for riparian areas

quickly and accurately.
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B.1 Introduction

In the mapping sciences, the ultimate goal is to completely describe the object space
with regard to the type and location of the individual objects within it, and to represent
this understanding in an iconic form as a map. Two approaches are widely used. When
high planimetric accuracy or elevation data are required, maps are produced using
photogrammetric techniques. For small-scale or land-cover mapping projects, automated
segmentation and classification algorithms are generally applied to passive spectral data
in order to produce classification maps.
Other technologies have begun to compete with photogrammetry. The rapid evolution of
two active sensing technologies, lidar (light detecting and ranging) and SAR (Synthetic
Aperture Radar), have made it possible to directly produce three-dimensional data, and
simultaneously to generate two-dimensional images of the intensity of the return signal.
Lidar has emerged in recent years as a leading technology for the extraction of
information about physical surfaces. The ever-increasing point density of current airborne
systems allows a detailed description of the surveyed surfaces to be achieved and
provides a wealth of information on physical objects and the terrain.
Previous work has used lidar data in two principal ways, by classifying the data 1) as
terrain and non-terrain points, and 2) as features such as trees or buildings. Examples of
the first approach are Kraus and Pfeifer's work (1998), using an iterative linear prediction
scheme for removing vegetation points in forested areas, and the utilization of gradient-
based techniques by Vosselman (2000) to separate building points from terrain points.

Using the second approach, Axelsson (1999) presented algorithms for filtering and
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classification of data points into terrain, buildings, and electrical power lines using
multiple returns of lidar data as well as the intensity return. Maas (1999) applied height
texture for segmentation of lidar data. Song et al. (2002) focused on assessing separation
of different land cover types such as trees, grass, roads, and roofs, based on interpolated
intensity data, using three different interpolation techniques. Filin (2004) proposed a
surface clustering technique for identifying regions in lidar data that exhibit homogeneity
in a certain feature space, using attributes of position, tangent plane, and relative height
difference for every point. The surfaces were categorized as high vegetation, low
vegetation, smooth surfaces, and planar surfaces. Most of these previous studies
involving classification of lidar data have focused on the use of unsupervised algorithms
on a small number of classes, resulting in generalized classifications.

This research represents the first evaluation of the use of lidar data for age discrimination
of riparian vegetation. We employed a supervised classification technique, the maximum
likelihood algorithm, for differentiating age classes of cottonwood trees by using small-
footprint lidar data for riparian areas. Riparian cottonwood trees use water in proportion
to their age (Schaeffer et al., 2000), and are especially large users of water in flood plains
along rivers in semi-arid environments. More accurate quantification of riparian water
use is required to manage basin water resources to maintain the economic, social, and
ecological viability of these areas and ensure water for the growing human population in
the basin. Cottonwoods of different ages cannot be distinguished by multi-spectral
methods. However, older cottonwoods exhibit a canopy that is more crowned in shape

than the younger trees, thus differences in tree shape as a function of tree age led us to
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investigate the use of lidar data to identify and classify cottonwoods of different age

classes.

B.2 Study area

The study was conducted along a reach of the San Pedro River (Escalante study site;
31° 51'N, 110° 13’W; 1110m elevation) within the San Pedro Riparian National
Conservation Area (SPRNCA) in southeastern Arizona, USA (Figure B.1). The study site
is 1.2 km long north to south and 1.4 km wide east to west and is relatively flat. The
overstory is dominated by riparian forest vegetation, consisting of cottonwood (Populus
fremontii) and mesquite (Prosopis velutina) as dominant and sub-dominant overstory
species, respectively. The study area is populated by young-to-old dense cottonwood
stands. Patches of cottonwood riparian forest are located along the stream channel. The
understory consists mainly of a perennial bunchgrass (Sporobolus wrightii), creosote

(Larrea tridentata), and saltcedar (Tamarix chinensis).
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B.3 Methods

The Optech ALTM 1233 (Optech Incorporated, Toronto, Canada) was used to survey
the study site on June 6, 2003. Characteristics of the ALTM 1233 include a scanning
frequency of 28 Hz, a scan angle of + 20°, a collection mode of first and last returns, and
intensity of returns from a 1064 nm laser. The ALTM 1233 was mounted on an aircraft
operated by the University of Florida flying at 750 m above the ground at a velocity of 60
nm/s. The aircraft and ALTM 1233 configuration resulted in a cross-track point spacing of
0.9 m, a forward point spacing of 2.1 m, and a footprint size of approximately 15 cm. The
density of lidar point measurements is approximately 2-4 points/m?. The entire study area
was covered by 4 parallel flight-lines with 50% overlapping flight-lines, which generated
approximately 2 million laser returns. The data was pre-processed into first and last
returns. The attributes of any given laser return not only include x, y, and z coordinate
data, but also an intensity return value.
The point data in first-return hits were interpolated using a kriging technique to produce a
Canopy Altitude Model (CAM) with a 0.5 m pixel grid. Additionally, the intensity return
data and its xy coordinates for both first and last hits were interpolated to the same 0.5 m
regular grid corresponding to the CAM, thereby creating a near-infrared intensity image.
Figure B.2 illustrates the CAM and the corresponding intensity image for the study site.
We performed a supervised classification of the 2-band lidar image (altitude and intensity
images) using the maximum likelihood algorithm. The maximum likelihood classifier
assumes that the training sample data are normally distributed. Pixels are assigned to

classes based on the probability of matching the training sample class signature (Jensen,
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1996; Richards, 1999). Supervised classification is particularly applicable to a study site
such as ours, in which there are a limited number of land cover types; the researchers are
familiar with the area; the geographic extent is reasonably small; and, ground-truth data
can be obtained.

Ground validation data were collected from July 2004 to March 2005. Three different
ages of cottonwood trees were included in the field sampling: young cottonwoods (less
than 15 years), mature cottonwoods (16 to 50 years), and old cottonwoods (greater than
50 years). Stem diameters at breast height (dbh) (diameter measured at 1.37 m above the
ground) were measured with a diameter tape and recorded to the nearest mm to
discriminate between young, mature, and old cottonwood patches, based on river-specific
equations that relate dbh to tree age (Stromberg, 1998). Dbh values varied, from less than
25 cm for young cottonwoods, 25 to 90 cm for mature cottonwood stands, and greater
than 90 cm for old cottonwoods.

We selected training sites representative of the main land cover types, from which class
signatures were generated. Signatures were generated for different age classes of
cottonwood trees, mesquite, saltcedar, dry stream channel, and open ground categories.
Training sites were chosen by visual inspection of the lidar image, using expert
knowledge of the study site, to identify a region of signal purity (pixel uniformity) for
each category. Training sites for cottonwood are sets of trees visually selected in the
image from the three age classes. Selection criteria for trees used for signature generation
are (1) unambiguous identification in the lidar images, and (2) clear separation of

signatures between classes. To validate the image classification, we performed an
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accuracy assessment, in which actual land cover, as determined by field identification,
was compared with classes for the corresponding areas assigned by the maximum
likelihood classification. Two different methods were used for field ground-truth: 1) four
differentially corrected GPS points were acquired at the corners of a square centered on
each cottonwood, from which we identified each cottonwood on the classified image; and
2) for non-cottonwood classes (stream channel, open ground, saltcedar, and mesquite),
we generated a random sample, 20 points for each class. Ground truth data was obtained
at the GPS coordinates for each random point. We calculated the classification error
matrix using these ground truth results as our reference data. Because there are low
numbers of young and old cottonwoods, all field-identified young and old trees were used
both in signature generation and in the accuracy assessment. Twenty of the 40 mature
cottonwoods were used in signature generation. All 40 mature trees were used in the
accuracy assessment. For the other categories there is no overlap in regions used for
signature generation and for accuracy assessment. Users’ and producers’ accuracy and
Cohen’s kappa were computed. The users’ accuracy indicates the probability that
accurate prediction of actual land-cover can be made from the classified image. Cohen’s
kappa is a statistical measure of the proportionate decrease in classification error for the
classified image, compared to the class assignments expected by a random classification

process (Congalton and Green, 1999, p. 49).
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B.4 Results and discussion

Our initial classification included: young, mature, and old cottonwood -classes;
mesquite; saltcedar; stream channel; and open ground. The objective of our study was to
determine the feasibility of identifying cottonwood age classes from lidar data. The final
classified image is shown in Figure B.3. Accuracy assessment indicated that 78% of the
2-band lidar image was correctly classified. The classification resulted in a Cohen’s
kappa of 0.73. If only cottonwood classes are considered, accuracy assessment gives a
Cohen’s kappa of 0.44 and an overall accuracy of 68%. The error matrix used for
accuracy assessment is given in Table B.1. Accuracy assessment results are presented in
Table B.2. Although the overall classification accuracy was reasonably good, it can be
seen from Table B.1 that discrimination of young cottonwoods from mature cottonwoods
failed for almost half the young trees (an error of omission). Overlap in height between
young and mature cottonwoods may be a contributing factor in the confusion between
young and mature cottonwoods. Another confounding factor is the absence of a
significant difference in lidar mean intensity between young and mature trees (Farid et
al., 2006). Leaves and branches of young and mature cottonwoods have almost the same
color and brightness and have very similar surface reflectance in the near-infrared, giving
rise to similar lidar intensity returns. All of the trees classified in the image as young
cottonwoods corresponded to trees identified by fieldwork as young cottonwoods (no
error of commission). We failed to achieve accurate separation of mature from old
cottonwoods in the image for approximately one-third of the mature trees because of

overlap between the crowns of mature and old cottonwoods. 73% of mature cottonwoods
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identified as such by fieldwork were classified as mature in the image (producer’s
accuracy). Successful separation of old from young and mature cottonwoods was
facilitated by the strong differences in crown shape. Old cottonwoods have conical and
flat-topped crowns, whereas young cottonwoods have narrow and upright crowns. The
crowns of these old cottonwoods are isolated from each other, and also there is a large
difference between the elevations of each tree crown and the surrounding understory
vegetation, allowing the maximum likelihood algorithm to classify them more accurately.
One tree (of a total of nine field-identified old cottonwoods) was misclassified as a
mature tree.

Of the non-cottonwood classes, saltcedar proved the most difficult to classify correctly.
Only 55% of saltcedar in the field was classified as such in the image (producer’s
accuracy). The rest were classified as either mesquite (3 of 20 trees) or as open ground (6
of 20 trees). The confusion between saltcedar trees and open ground may result from
saltcedar with sparse foliage, allowing penetration through the canopy to the ground by
lidar pulses. It might also be expected that this could occur in the case of young
cottonwood and mesquite. Overall, we did not find this to be a factor for cottonwoods.

A major factor in the classification of non-cottonwoods as cottonwoods, especially as
mature cottonwoods, is the topography of the study area. Methods used in this study did
not sufficiently remove all topographic effects. For example, the assignment of a road
northwest of the stream channel to the mature cottonwood class was caused by elevation
change between the stream channel and the area to the northwest. The riparian area is

noticeably lower than the area of the main road, such that the canopy tops of the old
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cottonwoods along the stream channel are at the same height as the main road surface
(diagonal green line in the upper right corner). In future work, correction for topographic
effects might be accomplished by including a digital elevation model based on ground

returns as a third image band in the analysis.
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B.5 Conclusions

This research employed a supervised classification technique, the maximum likelihood
algorithm, for differentiating age classes of cottonwood trees in a riparian area using
small-footprint airborne lidar data.
We performed a maximum likelihood classification of the 2-band lidar image (altitude
and intensity images), resulting in seven land-cover classes: young, mature, and old
cottonwoods, mesquite, saltcedar, dry stream channel, and open ground.
To validate the image classification, we performed an accuracy assessment, in which
actual land-cover, as determined by field identification, was compared with classes for
the corresponding areas assigned by the maximum likelihood classification. The overall
classification accuracy was 78%; and the overall Kappa statistic value of classification
was 0.73.
Accuracy assessment of the classified land-cover map illustrates that lidar data contains
information of value for image analysis. Old and mature cottonwoods were well
determined on the classified image. Young cottonwoods were, for the most part, correctly
classified, although some image areas actually corresponding to mesquite or mature
cottonwood were incorrectly identified as young cottonwoods.
Overall, classification results illustrate the potential of airborne lidar data to differentiate
age classes of cottonwood trees for riparian areas quickly and quantitatively. Thus,
identifying cottonwoods in the riparian forest and, more importantly, differentiating
cottonwood age classes using lidar provides an important contribution to precision forest

inventory and automated data processing for riparian forestry applications.
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Future research should consider fusing high spatial resolution multi or hyperspectral data

and lidar data to improve classification results for species identification in riparian areas.
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Figure B.1. Location map and color infrared aerial photograph of the Escalante study
site in the San Pedro River Basin, Arizona.
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Figure B.2. Spatial patterns of (a) canopy altitude model and (b) near-infrared (1064 nm)
intensity for the study site.
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Figure B.3. Classified lidar image, showing three cottonwood age classes, mesquite,

saltcedar, dry stream channel, and open ground.
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Table B.1 Error matrix for maximum likelihood classification of the 2-band lidar image

Reference Data
. Old Mature Young . Dry Open Row
Classified Data Mesquite  Saltcedar  siream
cottonwood  cottonwood  cottonwood ground Total
channel
0ld cottonwood 8 1 2 0 0 0 0 21
Mature cottonwood 1 29 7 0 0 0 0 37
Young cottonwood 0 0 7 0 0 0 0 7
Mesquite 0 0 1 &7 3 0 1 62
Salteedar 0 0 0 1 " 0 2 14
Dry stream channel 0 0 0 0 0 16 1 17
Open ground 0 0 0 0 6 4 16 26
Column Total 9 40 17 58 20 20 20 184




Table B.2 Accuracy assessment result for maximum likelihood classification of the 2 band lidar image

Class Name Reference Totals  Classified Totals Number Correct Producers Accuracy (%) Users Accuracy (%)
Old cottonwood 9 21 8 89 38

Mature cottonwood 40 37 29 73 78

Young cottonwood 17 7 7 41 100
Mesquite 58 62 57 98 92
Saltcedar 20 14 11 55 79

Dry stream channel 20 17 16 80 94

Open ground 20 26 16 80 62

Total 184 184 144

Overall classification accuracy = 78%
Overall kappa statistic = 0.73

001
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B.7 Appendix I: Classification using an expert system approach

Lidar image interpretation produces a high-level description of a three-dimensional
environment from which the lidar data were taken. Through interpretation, we try to
understand the lidar image by identifying important features or objects and analyzing
them in the context of the scene (Kopparapu and Desai, 2001). In this way, a human
analyst moves easily from lidar data to information in decision processing. While
working on an image, they may take into consideration other data, such as that from
available thematic maps, personal field experience, and common sense. The objective of
an image interpretation system is to make the computer do the same task. Many
researchers have sought to develop automated systems which replicate the human
process. One obvious approach to this effort is to generate a number of decision rules
which mimic the human logical processes. A system of rules designed for a specific
purpose is often called an expert system. The simplest and perhaps most common expert
system is through the generation of a set of production rules. These rules are
implemented as a succession of IF/THEN statements. In this section, we explore the use
of an expert system for lidar data to differentiate age classes of cottonwood trees in the

San Pedro River Basin.

B.7.1 Rule-based classification
In traditional methods of land cover classification, the primary determinants of
classification detail can be achieved by the spectral and spatial resolution of the imagery.

If additional data from different sources can be fused with a given combination of
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spectral and spatial information, it might be possible to achieve either greater
classification detail or greater classification accuracy (Lawrence and Wright, 2001) or to
produce a higher level of data abstraction. This goal is important because it addresses the
central task of moving from data to information.

In many cases, the use of ancillary data in addition to spectral data can lead to greater
class distinctions (Strahler et al., 1978; Hutchinson, 1982; Trotter, 1991; Jensen, 1996).
Combining different data types derived from lidar for cottonwood tree classification can
increase its accuracy and precision.

We investigated the supervised classification technique in the previous chapter. In this
section, we will use one decision-level data fusion method to differentiate age classes of
cottonwood trees. There are several decision-level methods in which an expert system
can be implemented for classification. The simplest way, and perhaps the most common,
is through the generation of a set of production rules. These rules are implemented as a
succession of IF/THEN statements. Figure B.7.1 shows the processing diagram that is
applied for one decision-level rule-based classification for differentiating age classes of
cottonwood trees from different data types derived from lidar measurements in this

research.
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Figure B.7.1. The diagram of rule-based lidar data for differentiating age classes of
cottonwoods.

B.7.2 Methods

The Optech ALTM 1233 (Optech Incorporated, Toronto, Canada) was used to survey
the study site on June 6, 2003. Characteristics of the ALTM 1233 include a pulse rate of
33 kHz, a scanning frequency of 28 Hz, a scan angle of + 20°, a collection mode of first
and last returns, and intensity of returns from a 1064 nm laser. The ALTM 1233 was
mounted on a University of Florida plane flying at 750 m above the ground at a velocity
of 60 m/s. The aircraft and ALTM 1233 configuration resulted in a cross track point
spacing of 0.9 m, a forward point spacing of 2.1 m, and a footprint size of approximately
15 cm. The density of lidar point measurements is approximately 2-4 points/m?; as a
result, the entire study area was covered by 4 parallel flight lines. For the entire research
area, 50% overlapping flight lines were used to ensure complete coverage, which

generated approximately 2 million laser returns. The lidar data were processed and
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classified using the Optech REALM 3.0.3d software. Two data layers were produced
from the classification: last-return and vegetation first-return. The standard data format
initially supplied comprised the first and last returns in separate ASCII files.

Ground validation data were collected from July to October 2003. Three different ages of
cottonwood trees were included in the field sampling: young cottonwoods (less than 15
years), mature cottonwoods (16 to 50 years), and old cottonwoods (greater than 50 years).
Stem diameters at breast height (dbh) (diameter measured at 1.37 m above the ground)
were measured with a diameter tape and recorded to the nearest mm to discriminate
between young, mature, and old cottonwood patches, based on river-specific equations
that relate dbh to tree age (Stromberg, 1998). Dbh values varied, from less than 25 cm for
young cottonwoods, 25 to 90 cm for mature cottonwood stands, and greater than 90 cm
for old cottonwoods. Four differentially corrected GPS points were performed at the
corners of a square centered on each cottonwood, from which we identified each
cottonwood on the lidar image, then three sets of data estimated for each identified tree
area from lidar measurement, which were used to made rule-based classification. The
following data were used:

1) Tree height data; 2) Mean intensity value of return laser pulses from the canopy
surface; and 3) Derived Leaf Area Index (LAI) from field-lidar measurements.

To derive any type of tree height data, a ground reference level must be established. The
point data in ground-classified hits were kriged to produce a Digital Elevation Model
(DEM) with a 0.5 m pixel grid. The point data in vegetation-classified hits were

interpolated to a regular grid that corresponded to the DEM, thereby creating a canopy
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altitude model. The canopy altitude model has a grid size of 0.5 m. Figure B.7.2 shows
the terrain and overlaid canopy altitude model for the study site. The top of the tree was
assumed to be the tallest point in the tree’s canopy altitude model. The base of the tree
was taken to be the point on the DEM beneath the top of the tree. Tree height was
calculated by subtracting of the elevations of the bottom from the top of the tree.

In the rules of level-1 rule-based classification based on tree height, cottonwood trees
having an elevation higher than 20 m in the height were classified as old cottonwoods,
mature trees were classified in height value from 14 to 20 m, and young cottonwoods
were below a height value 14 m.

The near infrared intensity image from airborne lidar was helpful for classifying
cottonwoods. In the intensity distribution for each canopy surface the mean value of this
distribution was calculated for each cottonwood tree. In the rules of level-1 classification,
based on intensity, cottonwoods having less than intensity value 50 were classified as old
trees, mature trees were classified in intensity value from 50 to 80, and for young
cottonwood trees intensity value was selected from 80 to 100. These thresholds are based
on Farid et al.’s experience (2006) suggested for height and intensity.

In addition, four metrics (canopy height, height of median energy, ground return ratio,
and canopy return ratio) were derived by synthetically constructing a large footprint lidar
waveform from the airborne small-footprint lidar data. These four metrics were
incorporated into a stepwise regression procedure to predict field-derived LAI for
different age classes of cottonwoods. These parameters will be explained in detail in the

next chapter.
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In the rules of level-1 rule-based classification based on LAI, cottonwoods having less
than LAI value 2.1 were classified as old trees, mature trees were classified in LAI value
from 2.1 to 2.7, and for young cottonwood trees the LAI value was selected from 2.7 to
3.3. LAl is related to the return intensity. At lidar wavelength, young cottonwoods exhibit
a different reflectance than older ones because of their different LAI (Schaeffer et al.,
2000). Also, we selected LAI thresholds for classification based on the differences
between different age classes of cottonwoods for the growing season, which is shown in
Figure B.7.3.

After combining these three data sets by using a rule-based classification algorithm, the
level-1 classification rule created four classes: old, mature, and young cottonwood trees.
The fourth class will be ‘no defined objects’, not belonging to any age class of
cottonwood trees, i.e., possibly another form of vegetation. Table B.7-1 shows the rules

for the level-1 classification.

Table B.7-1 Rules of Level-1 classification for cottonwood trees

IF (TREE_HEIGHT > 20.0 M) AND (INTENSITY < 50.0) AND (LAI < 2.1))

THEN

LIDAR_CLASS = OLD COTTONWOODS

ELSE

IF ((14.0 M < TREE_HEIGHT < 20.0 M) AND (50.0 < INTENSITY < 80.0) AND (2.1 < LAI <2.7))
THEN

LIDAR_CLASS = MATURE COTTONWOODS

ELSE

IF ((TREE_HEIGHT < 14.0 M) AND (80.0 < INTENSITY < 100.0) AND (2.7 < LAI < 3.3))



THEN

LIDAR_CLASS = YOUNG COTTONWOODS
ELSE

LIDAR CLASS =NO DEFINED OBJECTS

ENDIF

107
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Figure B.7.2. Spatial patterns of (a) canopy altitude model and (b) near infrared intensity
for the study site.
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Figure B.7.3. Mean LAI (leaf area m® ground area m™) for different age classes of
cottonwoods for the growing season at the Escalante site. Error bars represent the
standard error of the mean (S.E.).
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B.7.3 Results

The objective of this section was to determine the feasibility of identifying
cottonwood age classes from rule-based classification. We generated three rules to
produce level-1 classification for differentiating age classes of cottonwood trees from
lidar data. Our initial classification included: young, mature, and old cottonwood classes,
and no defined objects. Accuracy assessment indicated that 76% of lidar data were
correctly classified. The classification resulted in a Cohen’s kappa of 0.60. The error
matrix used for accuracy assessment is given in Table B.7-2. Accuracy assessment results
are presented in Table B.7-3. Although the overall classification accuracy was reasonably
good, it can be seen from Table B.7-2 that discrimination of mature cottonwoods from
old cottonwoods failed for almost one-third of the mature trees (an error of omission).
Overlap in height between mature and old cottonwoods may be a contributing factor in
the confusion between mature and old cottonwoods. 73% of mature cottonwoods
identified as such by fieldwork were classified as mature in rule-based classification
(producer’s accuracy). Successful separation of old from young and mature cottonwoods
was facilitated by the strong differences in lidar-derived LAI value, because old
cottonwoods have conical and flat-topped crowns, whereas young cottonwoods have
narrow and upright crowns. Another confounding factor is a significant difference in lidar
mean intensity between young and old trees (Farid et al., 2006). We failed to achieve
accurate separation of young from mature cottonwoods in classification for one-forth of

the young trees because leaves and branches of young and mature cottonwoods have
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almost the same color and brightness and have similar surface reflectance in the near-

infrared, giving rise to similar lidar intensity returns.



Table B.7-2 Confusion matrix of rule-based classification

Reference Data

Classified Data

Old cottonwood  Mature cottonwood  Young cottonwood Row Total

Old cottonwood
Mature cottonwood
Young cottonwood
Column Total

© O O ©

11
29
0
40

0
5
12
17

20
34
12
66
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Table B.7-3 Accuracy assessment result for Rule-based classification

Class Name Reference Totals ~ Classified Totals ~Number Correct Producers Accuracy (%) Users Accuracy (%)
Old cottonwood 9 20 9 100 45

Mature cottonwood 40 34 29 73 85

Young cottonwood 17 12 12 71 100

Total 66 66 50

Overall classification accuracy = 76%
Overall kappa statistic = 0.60

[48!
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B.7.4 Discussion

Many classification methods are available for image processing in a remote sensing
area, and no single classification solution always performs best. In this section, we
applied the expert system—production rule—to classify age classes of cottonwood trees
using three different lidar data types.
Production rules are easy to make and apply, but the key problem in the application of
this approach to classification of different age classes of cottonwoods is how to make
reasonable rules. Since this technique totally depends on the rules that can be created by
users or operators, the initial data set should be carefully analyzed to find applicable
rules. It may take another step to understand the data set to be used, and to analyze the
geometric characteristics of the study area. Every rule is suitable for specific data sets and

study areas.
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APPENDIX C: Using airborne lidar to predict leaf area index in cottonwood trees and

refine riparian water use estimates
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Abstract

Quantification of riparian forest structure is important for developing a better
understanding of how riparian forest ecosystems function. Additionally, estimation of
riparian forest structural attributes, such as the Leaf Area Index (LAI), is an important
step in identifying the amount of water use in riparian forest areas. In this study, small-
footprint lidar data were used to estimate biophysical properties of young, mature, and
old cottonwood trees in the Upper San Pedro River Basin, Arizona, USA. The lidar data
were acquired in June 2003, during flyovers conducted at an altitude of 750 m. Canopy
height, maximum laser height, and mean laser height were derived for the cottonwood
trees from the data. Linear regression models were used to develop equations relating
lidar height metrics with corresponding field-measured LAI for each age class of

cottonwoods. The lidar height metrics are well correlated with field-measured LAI. In
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addition, four metrics (tree height, height of median energy, ground return ratio, and
canopy return ratio) were derived by synthetically constructing a large footprint lidar
waveform from small-footprint lidar data which were compared it to ground-based high-
resolution Intelligent Laser Ranging and Imaging System (ILRIS) scanner images. These
four metrics were incorporated into a stepwise regression procedure to predict field-
derived LAI for different age classes of cottonwoods. Metrics derived from the airborne
lidar synthetic waveform are capable of estimating LAI, though in all cases logarithmic
transformation of the dependent variable was necessary. Furthermore, this research
applied the Penman-Monteith model to estimate transpiration of the cottonwood clusters
using lidar-derived canopy metrics. These transpiration estimates compared very well to
ground-based sap flux transpiration estimates indicating lidar-derived LAI can be used to

improve riparian cottonwood water use estimates.

Keywords: Lidar; Leaf Area Index; Cottonwood; Riparian; San Pedro River Basin
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C.1 Introduction

Vegetation patterns and associated canopy structure influence landscape functions
such as water use, biomass production, and energy cycles. The properties of vegetation
and canopy must be quantified in order to understand their roles in landscapes and before
management plans can be developed for the purpose of conserving natural resources.
Vegetation patterns can be mapped from ground-based inventory techniques, or by using
aerial photography or satellite imagery. If sampling is sufficiently dense, ground-based
techniques alone can produce accurate results. However, determining the physical
properties of canopy architecture and structure (i.e. height, leaf area index, timber
volume) with conventional ground-based technology is difficult, labor intensive, costly,
and usually very limited for assessing landscape scale characteristics. Resource managers
are always interested in developing and utilizing alternative sources of information that
are more cost effective or offer opportunities to manage resources more efficiently.
Recent progress in three-dimensional forest characterization at the stand level mainly
includes digital stereophotogrammetry, synthetic aperture radar, and lidar (light detecting
and ranging). Lidar is a technique in which light at high frequencies, typically in the
infrared wavelengths, is used to measure the range between a sensor and a target, based
on the round trip travel time between source and target. Airborne Laser Scanning (ALS)
is a measurement system in which pulses of light (most commonly produced by a laser)
are emitted from an instrument mounted in an aircraft and directed to the ground in a
scanning pattern. This method of recording the travel time of the returning pulse is

referred to as pulse ranging (Wehr and Lohr, 1999). The type of information collected
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from this returning pulse distinguishes two broad categories of lidar sensors: discrete-
return (small footprint) lidar devices and full-waveform (large footprint) recording
devices. Discrete-return systems typically allow for one (e.g., first or last), two (e.g., first
and last), or a few (e.g., five) returns to be recorded for each pulse during flight.
Conversely, a full-waveform lidar system senses and records the amount of energy
returned to the sensor for a series of equal time intervals. The number of recording
intervals determines the level of detail present in a laser footprint. For forested
environments, the result is a waveform indicative of the forest structure (i.e., from the top
of the canopy, through the crown volume and understory layer, and finally to the ground
surface). The footprint for most discrete-return systems is on the order of 0.2 to 0.9 m.
For full-waveform systems, the footprint size may vary from 8 m to 70 m (Means et al.,
1999).

Theoretical studies model full-waveform characteristics for simple, unvegetated terrain
(Gardner, 1992), and for one-dimensional surfaces (Abshire et al., 1994). Additionally,
Blair and Hofton (1999) demonstrated that vertical distribution of the discrete-return data
is closely related to the full-waveforms recorded by waveform-recording devices when
certain conditions are met. The most important being a high density of samples collected
using a very small footprint (on the order of 25 cm).

The foundations of lidar forestry measurements lie with photogrammetric techniques
developed to assess tree height, canopy density, forest volume, and biomass. Airborne
laser measurements were used in place of photogrammetric measurements to estimate

forest heights and canopy density (Nelson et al., 1984) and forest volume or biomass
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(Maclean and Krabill, 1986; Nelson et al., 1988a; 1988b). For instance, Nelson et al.
(1988b) predicted the volume and biomass of southern pine (Pinus taeda, P. elliotti, P.
echinata, and P. palustris) forests using several estimates of canopy height and cover
from small-footprint lidar, explaining between 53% and 65% of the variance in field
measurements of these variables.

Research efforts have investigated the estimation of forest stand characteristics with
scanning lasers with either a relatively large laser footprint (Harding et al., 1994;
Weishampel et al., 1997; Blair et al., 1999; Lefsky et al., 1999; Means et al., 1999; Drake
et al.,, 2002) or a small footprint, but with only one laser return (Ritchie et al., 1993;
Naesset, 1997a; 1997b; Magnussen and Boudewyn, 1998; Magnussen et al., 1999). For
instance, Ritchie et al. (1993) used discrete-return lidar to study natural pine stands in
Mississippi; Lefsky et al. (1999) used data from full-waveform lidar to derive canopy
height and Leaf Area Index (LAI) in Douglas fir/western hemlock forests; Drake et al.
(2002) estimated tropical forest structural attributes, such as aboveground biomass, using
a full-waveform lidar recording device. Small-footprint lidars are available commercially
and research results on their potential for forestry applications are very promising.
Despite these research efforts, practical applications of small-footprint lidar have not
progressed as rapidly, primarily because of the current cost of lidar data. The height of a
forest stand is a crucial forest inventory attribute for calculating timber volume, site
potential, and LAIL. Lim et al. (2003) derived various laser height metrics from small
footprint lidar data and determined how well they estimated various forest biophysical

properties such as LAI for tolerant hardwood forests in Canada.
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The primary purpose of this research was to use a small-footprint lidar to derive various
height metrics (maximum laser height, mean laser height, and canopy height) and model
full-waveform characteristics in cottonwood trees in the San Pedro Riparian National
Conservation Area (SPRNCA) in southeastern Arizona, USA. The SPRNCA is a globally
important migratory bird route. Its cottonwood riparian forest supports a great diversity
of species and is widely recognized as a regionally and globally important ecosystem
(World Rivers Review, 1997). Additionally, lidar studies published at this point have
shown success in several forest types with large-footprint lidar, but applications of small-
footprint lidar to forestry have not progressed as far (Means, 2000), being limited mainly
to measuring even-aged coniferous stands. Thus, the performance of lidar in cottonwood
riparian forests remains untested and any related analytical and processing issues are yet
to be identified.

The main objective of this study was to estimate LAI from various laser height metrics
and synthetic large footprint lidar waveform for different age classes of cottonwood trees.
Additionally, this study applied the Penman-Monteith model (Monteith and Unsworth,
1990) to estimate cottonwood transpiration using lidar-derived LAI, compared with
transpiration measured by sap flow. Riparian cottonwood trees use water in proportion to
their age and canopy shape (Schaeffer et al., 2000), and are especially large users of
water in flood plains along rivers in semi-arid environments. More accurate
quantification of riparian water use is required to manage basin water resources to
maintain the economic, social, and ecological viability of these areas and ensure water for

a growing human population in the basin. Cottonwoods of different age cannot be
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distinguished by multi-spectral methods. However, the older cottonwoods exhibit a
canopy that is more crowned in shape than the younger trees, thus differences in tree
shape as a function of tree age led us to investigate the use of lidar to identify
cottonwoods of different age classes and estimate LAI, which these parameters directly
impact water use. The specific objectives of this study were:

(1) Model a laser altimeter return waveform as the sum of reflections within a laser small
footprint and compare the results with ground-based Intelligent Laser Ranging and
Imaging System (ILRIS) scanner images in cottonwood trees.

(2) Derive various laser height metrics (maximum laser height, mean laser height, and
canopy height) from the small footprint lidar data and determine how well they can
estimate LAI for different age classes of cottonwoods.

(3) Derive four metrics (canopy height, height of median energy, ground return ratio, and
canopy return ratio) from synthetic lidar full-waveform. These four metrics are
incorporated into a stepwise regression procedure to predict field-derived LAI for
different age classes of cottonwood trees.

(4) Apply the Penman-Monteith model to estimate transpiration of the cottonwood
clusters using lidar-derived LAI and compare the results with transpiration measured by

sap flow techniques.

C.2 Study sites
The study sites are located on the floodplain of the San Pedro River within the

SPRNCA in southeastern Arizona, USA. The Escalante study site (31° 51'N, 110° 13"W;
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1110m elevation) is about 1.2 km long north to south and 1.4 km wide east to west and is
relatively flat. The overstory is dominated by riparian forest vegetation, consisting of
cottonwood (Populus fremontii) and mesquite (Prosopis velutina) as dominant and sub-
dominant overstory species, respectively. This study area is populated by young-to-old
dense cottonwood stands with patches of cottonwood riparian forest located along the
stream channel. The understory consists mainly of a perennial bunchgrass (Sporobolus
wrightii), creosote (Larrea tridentata), and saltcedar (Tamarix chinensis).

Additionally, a cluster of cottonwood trees was selected at two additional sites with
contrasting groundwater depth levels. The Boquillas study site (31° 69'N, 110° 18"'W;
1180m elevation) is located along an intermittent reach of the river where the
groundwater depth ranged from 3.1 to 3.9 m. In contrast, the Lewis Springs study site
(31°33'N, 110° 07"W; 1250m elevation) is located along a perennially flowing reach of
the San Pedro River where the groundwater depth ranged from 1.1 to 1.8 m. The
cottonwood trees in the sap flow clusters at both intermittent and perennial stream sites

were very similar in age and size characteristics.

C.3 Data acquisition
C.3.1 Ground inventory data

Ground validation data were collected from April 2003 to October 2004. Three
different ages of cottonwood trees were included in the field sampling — young
cottonwoods (less than 15 years), mature cottonwoods (16 to 50 years), and old

cottonwoods (greater than 50 years) (Fig. C.1). Stem diameters at breast height (dbh)
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(diameter measured at 1.37 m above the ground) were measured with a diameter tape and
recorded to the nearest mm to discriminate between young, mature, and old cottonwood
patches, based on river-specific equations that relate dbh to tree age (Stromberg, 1998).
Dbh values varied, from less than 25 cm for young cottonwoods, 25 to 90 cm for mature
cottonwood stands, and greater than 90 cm for old cottonwoods.

A total of 41 cottonwood trees were used to determine LAI. Of the 41 cottonwoods, 9
old, 15 mature, and 17 young isolated trees were selected that were at least 6 m apart. A
differential global positioning system (DGPS) was used to determine the location of each
individual tree within sub-meter planimetric accuracy (Trimble 5700 GPS). We measured
4 points around each tree at the edge of the tree canopy. In addition, all tree locations
were determined using 60-second static measurements with a 12-channel GPS receiver.
The GPS antenna height varied between 1.8 m and 3.6 m, with an average height of 2.5
m. All measurements were collected during the leaf-off season. The lack of canopy
foliage and the raised antenna in the old cottonwood stands reduced the error effects of
forest canopies on GPS measurements. These trees were identified in the lidar dataset by
matching field DGPS locations with the georeferenced lidar data.

The LAI was measured using a plant canopy analyzer (LAI 2000, LiCor, Lincoln, NE) in
June 2003 for different age classes of cottonwoods. LAI readings were taken from the
four cardinal directions around the base of each cottonwood tree by one sensor with a 90°
view cap. The sensor was aligned along the canopy of the tree, as well as across the

canopy. Measurements were made near sunset.
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In 2006, Gazal et al. measured sap flow of four cottonwood trees within a cluster at each
of the two study sites (Boquillas and Lewis Springs), using constant heat flow Granier-
type probes (TDP-30 and TDP-80, Dynamax Inc., Houston, Texas). The system measures
the temperature difference between two probes inserted radially in the xylem, one
constantly heated and the other unheated. Sap flow was measured continuously from
April 5 to November 9, 2003 using a datalogger (CR10x datalogger, Campbell Scientific
Inc., Logan, Utah). Cottonwood cluster transpiration was calculated based on individual
tree sap flow, total sapwood area and crown area of the cluster (Wullschleger, 1998).

Additionally, air temperature, relative humidity, solar radiation, wind speed and air
pressure were measured at nearby meteorological towers located 3 km from the Boquillas
intermittent stream site and 0.3 km from the Lewis Springs perennial stream site (Scott et
al., 2000). For both perennial and intermittent stream sites, the measurements were
recorded every 15 and 30 min, respectively. Stand transpiration was estimated for the

period 1-11 June 2003 (DOY: 152-162), which is corresponded to lidar surveyed time.

C.3.2 Lidar datasets

The Optech ALTM 1233 (Optech Incorporated, Toronto, Ont.) was used to survey the
study site on June 6, 2003. Characteristics of the ALTM 1233 include a scanning
frequency of 28 Hz, a scan angle of + 20°, a collection mode of first and last returns, and
intensity of returns from a 1064 nm laser. The ALTM 1233 was mounted on a University
of Florida plane flying at 750 m above the ground at a velocity of 60 m/s. The aircraft

and ALTM 1233 configuration resulted in a cross track point spacing of 0.9 m, a forward
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point spacing of 2.1 m, and a footprint size of approximately 15 cm in diameter. The
average ground swath width was 546 m and the entire study area was covered by 4
parallel flight lines. For the entire research area, 50% overlapping flight lines were used
to ensure complete coverage, which generated approximately 2 million laser returns. The
lidar data were processed and classified using the Optech REALM 3.0.3d software. Three
data layers were produced from the classification: (1) ground last-return, (2) vegetation
last-return and (3) vegetation first-return. The ground last return data layer was a robust
representation of the terrain. For this study, vegetation last and vegetation first data layers
were merged into a single vegetation class. The attributes of any given laser return not
only include x, y, and z coordinate data but also an intensity return value (Farid et al.,

20006).

C.3.2.1 Ground based laser scanner

The ground based laser scanner acquired for the study site on June 2004, was the
Intelligent Laser Ranging and Imaging System-Three-Dimensional (ILRIS-3D)
manufactured by Optech (Optech Incorporated, Toronto, Ont.), with a vertical accuracy
of 0.3 cm. The laser scanner fires a focused laser at ground targets and measures the
target position based on laser travel time to the target and back to the sensor. The hit size
is 1.5 cm in diameter at 50 meters from the scanner, which is the approximate distance
used in this study (the laser beam width changes slightly with distance). The laser scanner

collects x, y, and z relative coordinates for every 1.5 cm hit scanned for a complete three
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dimensional image of the object. Distance between hits (resolution) was on average 0.2
cm. The resolution changes with distance between the target and the scanner.

Capturing an entire cottonwood tree canopy required two scans on opposite sides the tree.
If three sub-meter accuracy GPS points can be located within each scanned image, the
images can easily be merged. We placed three large cardboard boxes in the foreground of
each cottonwood tree that was to be scanned and then secured a piece of rebar into the
ground at the corner of each box. Fig. C.2 shows the boxes in the foreground of one old
cottonwood tree as an example (two scans on opposite sides the tree). These points on the
ground were then georeferenced with a differential global positioning system (DGPS) at a
later date. The corners of the boxes where the rebar was located allowed us to locate the
georeferenced points in the scanned image. Then the X, y, and z coordinates of the images
were given UTM values and sea level altitude values in meters. Unfortunately, due to our
remote location which is covered by dense vegetation and the stream channel bank, only
one scanned tree had georeferenced points with enough accuracy for the images to be
merged accurately into a full canopy. The other trees had to be manually merged.
Manually merging is a tedious process and only works if at least three common points
can be located in each image that is to be merged. This limitation reduced the number of
trees with fully scanned canopies to five. Therefore, of the 24 old and mature
cottonwoods, 3 old and 2 mature cottonwood trees were selected. No young trees were
selected because their locations were neighbored by dense vegetation, such as mesquite

and saltcedar; additionally the river bank obstructed the laser scanning beams.
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C.4 Analysis

This analysis will include a combination of both ground-based and airborne lidar data
from 2003 and 2004.
C.4.1 Modeling a return waveform and comparing with ground based laser scanner

Our model for a medium-large footprint laser altimeter return waveform is formulated
under the assumption that the shape of any waveform represents the vertical distribution
of intercepted surfaces within an individual footprint. The waveform beams bounce off
layers of foliage and the ground, usually generating 25 m diameter footprints. We chose
the average crown width of an old cottonwood tree for a synthetic waveform footprint as
a starting point. The modeled large-footprint return waveform is composed of the sum of
the small-footprint pulses reflected from different elements in the footprint. Each
reflection has the spatial intensity characteristic that its intensity is normally-distributed
over a finite vertical and horizontal distance. The sum of the small-footprint reflections is
convolved with a Gaussian approximation to generate the synthetic waveform. Therefore,
we sum up a series of Gaussian pulses that vertically stacked the elevations produced by
the small-footprint elevation data to create a modeled large-footprint return waveform.
Fig. C.3a contains the three-dimensional distribution of small-footprint lidar data from
within a 26 m footprint centered on a tree approximately 30 m tall. Fig. C.3b illustrates
the distribution of these points as a function of height. Blair and Hofton (1999)
demonstrated that vertical distribution of the small-footprint lidar data is closely related
to the full-waveforms recorded by waveform-recording devices in tropical forests in

Costa Rica. However, modeling of large-footprint return waveform in cottonwood
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riparian forests remains untested and any related analytical and processing issues are yet
to be identified. Also, in this study, the similarity between each modeled waveform and

the return waveform from the ILRIS scanner was assessed using Pearson correlation, p,

given by p = 8y, / 4/S..S oo where S, , S,, and S,, are the variances and shared variance

of the ILRIS and synthetic waveforms. The comparison between modeled waveform and
the return waveform from the ILRIS scanner proved that small-footprint airborne lidar
data is able to model large-footprint return waveform in cottonwood trees quickly and
quantitatively. Furthermore, LAI will be derived from the modeled large-footprint return
waveforms for different age classes of cottonwood trees in a riparian corridor. The
waveform comparison utilized 2004 airborne lidar and 2004 ground-based ILRIS data.

Figure C.4 plots five synthetic waveforms and corresponding ILRIS return waveforms.
The results of comparison of the modeled waveform and the return waveform from
ILRIS for old cottonwood trees are presented in Fig. C.4a-c. In this case, the highest p
was 0.73 between the modeled and ILRIS waveforms. Fig. C.4d-e contains the
waveforms comparing modeled and ILRIS for mature cottonwoods. The highest p value
increased from 0.73 to 0.75 when mature cottonwoods were considered. Simple, single
modal waveforms are typically returned from flat, unvegetated ground surfaces (Figs.
C.4a and C.4e). The modeled and ILRIS waveforms from vegetated regions were multi-
modal, each mode representing a vertically-distinct, consolidated layer within the canopy.
Overall, the ground and airborne-based waveforms had a good degree of correlation.
Although the modeled and ILRIS waveforms identify reflecting layers at the same

elevations, the relative strengths of reflections from those layers varied; for instance, the
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modeled and ILRIS waveforms both detected a reflecting surface at ~18 m elevation, but
the reflection was much stronger when measured by ILRIS, possibly a result of different
tree cover conditions at the time of the airborne and ILRIS surveys. The systematic
difference noted between modeled and ILRIS waveforms was the consistently-higher
amplitude of the canopy response in the ILRIS return waveform (e.g. Fig. C.4a). This
difference is due to the first-return only nature of the ILRIS system, and a different view
angle configuration between the airborne and ILRIS sensors. Also, a large gap through
the canopy along the beam path may result in reduction of the amplitude of the canopy
response in the modeled return waveform using the airborne system. Furthermore, the
ILRIS system presents difficulties in detecting the uppermost portion of old cottonwood
tree canopies because of the conical and flat-topped nature of the tree crown. However,
the top portion of the crown may not be of sufficient area to register as a significant
reflecting surface and therefore may not be detected well. Finally, the majority of

modeled and ILRIS wave shapes have similar vertical structure in cottonwood trees.

C.4.2 Estimation of LAI from lidar data

C.4.2.1 The relationship between LAI and various laser height metrics

For each cottonwood tree, three laser height metrics were derived by all small-
footprint lidar returns from the cottonwood canopy surface: (1) canopy height (hcanopy),
(2) maximum laser height (Lzax), and (3) mean laser height (Lzpean). To derive any type
of tree height measurement, a ground reference level must be established. The point data

in ground-classified hits were kriged to produce a Digital Elevation Model (DEM) with a
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0.5 m pixel grid. The point data in vegetation-classified hits were interpolated to a regular
grid that corresponded to the DEM, thereby creating a canopy altitude model. The canopy
altitude model has a grid size of 0.5 m. Fig. C.5 shows the terrain and overlaid canopy
altitude model for the study site. The local maximum technique was used to discriminate
cottonwoods in the canopy altitude model (Farid et al., 2006). It operates with two shapes
of the search window, specifically a square nxnwindow and a circular window that is
more appropriate for identifying tree crowns. Variable window sizes were used by
Waulder et al. (2000) for the extraction of tree locations and estimation of basal area from
high spatial resolution imagery for stands of Douglas fir and western red cedar. The top
of the tree was assumed to be the tallest point in the tree’s canopy altitude model. The
base of the tree was taken to be the point on the DEM beneath the top of the tree. Canopy
height (hcanopy) Was calculated by subtracting of the elevations of the bottom from the top
of the tree.

Additionally, the derivation of two other laser height metrics is straightforward. The

derivations of these two laser height metrics were formulated as Equations C-1 and C-2.

Maximum laser height (m) LzZmax = max(all_zy, tree) (C-1)
Z tree Z ity
Mean laser height (m) LZpean= (C-2)
n

Fig. C.6a-c contains the scatterplots comparing field-measured LAI and lidar-derived
canopy height for each type of cottonwood tree. In this case, the coefficient of
determination for field LAI versus lidar canopy heights were 0.77, 0.75, and 0.63 for

young, mature, and old, respectively. As noted above, the lidar system presents
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difficulties in detecting the uppermost portion of old cottonwood tree canopies because of
the conical nature of the tree crown and the small area of the top portion of the crown. In
addition, determining the exact elevation of the ground surface poses difficulties for both
old and mature cottonwoods because the understory is dense enough to substantially
occlude the ground surface. The r” increased from 0.63 to 0.77 when young cottonwoods
were considered. The actual ground terrain detected by lidar for young trees is more
accurate and precise than those estimates for old and mature trees because the area
beneath the young trees is predominantly bare soil. The scatterplots comparing field-
measured LAI and maximum laser height for each age class of cottonwood trees are
presented in Fig. C.6d-f. The coefficient of determination for field LAI versus maximum
laser heights were 0.74, 0.73, and 0.67 for young, mature, and old, respectively. The
lowest 7* value was obtained for old cottonwoods for the reasons stated above.

The scatterplots comparing field-measured LAI and mean laser height for each age class

of cottonwoods are shown in Fig. C.6g-i. Results from regressing LAI and mean laser

height on all age classes of cottonwoods did not produce r°values greater than 0.80.
LZmean 18 affected by canopy cover as demonstrated when Lz, was used to estimate
LAI, where the mean laser height of an old cottonwood with high canopy cover was
found to be dominated by the high number of laser returns from the canopy surface. The
lowest 7 value was obtained for young cottonwoods due to the presence of the gaps in
young canopies which permitted a number of the laser pulses to penetrate the canopy,
generating lower values for canopy cover. As a result the Lz, value is problematic in a

regression model.
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C.4.2.2 Estimation of LAI from synthetic lidar full-waveforms

Four metrics were derived by synthetically constructing a large footprint lidar
waveform (see Fig. C.7) from the airborne small-footprint lidar data for different age
classes of cottonwoods. Lidar canopy height (LHT) was calculated by identifying: (1) the
location within the waveform when the first Gaussian pulse increases above a median
energy level/threshold (the canopy top), and (2) the center of the last Gaussian pulse (the
ground return), and then calculating the distance between these locations. Second, the
height of median energy (HOME) was calculated by finding the median of the entire
waveform. The location of the median energy is then referenced to the center of the last
Gaussian pulse to derive a height. The HOME metric is, therefore, predicted to be
sensitive to changes in both the vertical arrangement of canopy elements and the degree
of canopy openness (Drake et al., 2002). Third, a simple ground return ratio (GRND) was
calculated by taking the number of hits in the last Gaussian peak divided by the sum of
all other numbers of hits (total hits minus last Gaussian peak hits) (see Fig. C.7). Thus,
GRND provides an approximation of the degree of canopy closure (Drake et al., 2002;
Means et al., 1999). Finally, the canopy return ratio (CRND) was calculated by taking the
number of hits in the location within the waveform when the first Gaussian pulse
increases above a median energy level/threshold (the canopy top), divided by the sum of
all other numbers of hits. CRND provides an approximation of the degree of canopy
cover.
These four metrics were incorporated into a stepwise regression procedure to predict

field-derived LAI for different age classes of cottonwoods. During this process,
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transformations of dependent and independent variables (including square, square root,
and logarithmic) were also explored (Table C.1). Metrics from the lidar waveform are
able to estimate LAI for different age classes of cottonwood trees, though in all cases
logarithmic transformation of the dependent variable was necessary. In this case, the
coefficient of determination for field LAI versus lidar metrics were 0.76, 0.78, and 0.84
for young, mature, and old, respectively. Meanwhile, the RMSE for all age classes is low.
The weaker relationship between field LAI and lidar metrics in young trees could be
affected by two factors. First, the level of variability in old tree structure at the scale of a
waveform is higher than for a young one. A second contributing factor is the presence of
gaps in young canopies, which allowed a number of the laser pulses to penetrate the
canopy, generating lower values for CRND.

Also, in areas with densely packed canopy materials such as old canopies, fewer lidar
pulses will reach the ground, thereby increasing HOME. Conversely, in more open or
disturbed areas (e.g., a young tree canopy), more lidar pulses will reach the ground,
reducing HOME. Additionally, the height metrics (e.g., LHT and HOME) are the most
sensitive, and increase with increasing cottonwood tree age and basal area. The LHT is
perhaps the metric with the strongest potential for estimating riparian forest structural
characteristics. The LHT metric is influenced by the highest detectable canopy surface
within a footprint.

Furthermore, the slightly weaker relationship between LAI and lidar metrics among
young, mature, and old-growth stands is caused by the lack of significant differences in

LAI between different age classes of cottonwoods that have been measured in the field.
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Overall, the ability of a synthetic large footprint lidar to accurately predict LAI for

different age classes of cottonwoods is very good.

C.4.3 Estimation of cottonwood transpiration from lidar data

In this section, we present the lidar-predicted versus sap flow measured cottonwood
transpirations at two contrasting riparian sites in order to more accurately estimate
cottonwood water use. Along the San Pedro River, Gazal et al. (2006) quantified
cottonwood transpiration using sap flow measurements for a cluster of trees located on a
perennial section of the river and another located along a reach with intermittent stream
flow. Hydrologically, these sites differed in the depth and seasonal fluctuation of the
water table. For trees instrumented with sap flow probes, sap flow rate per tree (J;) was
scaled based on the sapwood area that covers the position of the two thermocouples per
probe (Gazal et al., 2006). J; from the north and south side of each thermocouple position
was averaged and multiplied by the sapwood area corresponding to the depth of the

thermocouple in the sapwood (j;). J; from the two thermocouple positions was then added

and the sum was divided by the total sapwood area of the tree (js). Js from the
instrumented trees in the cluster was averaged and multiplied by the total sapwood area
of the entire cluster to get the total water use of the stand (Gazal et al., 2006). Total water
use of the entire cottonwood cluster was divided by projected canopy area (m”) to
determine ground-area based transpiration, £ (mm/day). The projected canopy area of the

clusters was estimated digitally using lidar canopy altitude model images.
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The Penman-Monteith (P-M) model (Monteith and Unsworth, 1990) was selected to
estimate cottonwood transpiration using lidar-derived LAI for June 1 through June 11,
2003 (DOY: 152-162). This model allows the calculation of evaporation from
meteorological variables and resistances which are related to the stomatal and

aerodynamic characteristics of the tree, and has the form

A

1| Ad+p,c,D/r,
A+y(Q+r/r)

} (mm/day) (C-3)

where A is the slope of the saturation vapor pressure/temperature curve (kPa°C™), p, the

density of moist air (kg m™), c,=1.013 (kJkg'°C™") the specific heat capacity of dry air

under constant pressure, D the vapor pressure deficit (kPa), y the psychrometric constant

(kPa°C ™), r. the bulk canopy resistance (s m™), 1, the aerodynamic resistance (s m)),
A the latent heat of vaporization of water (MJkg™), and A the available energy
(MJm™day™). Parameters such as A, p,, v and D were calculated from air temperature,
relative humidity, and air pressure measured from nearby meteorological stations. The
available energy to the canopy is given by
A=S|(l-w)+L,-S, (C-4)

Where S is the incoming solar radiation (MJm™day™), a the canopy albedo, L,., the net
long-wave radiation (MJm™day™), and S, the temporary storage of energy into the tree
itself (trunk and limbs) and the energy used in the photosynthesis process (MIm™>day™).

Canopy albedo was estimated to be 0.18, a value which has been measured over
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broadleaf oak trees (Bras, 1990). S, was estimated to be 5% of the incoming solar
radiation based on work by Moore and Fisch (1986) who found that S, ranged between 0
and 10% of the net radiation available to a tropical forest. The net long-wave radiation
contribution to the available energy was calculated from a formula provided by
Shuttleworth (1993, p. 4.7).

The aerodynamic resistance (r,) is the sum of the turbulent resistance between the canopy
and the atmosphere from turbulent eddies and the boundary layer resistance (Thom,
1975). Due to the relatively open nature of the cottonwood canopy, the turbulent canopy
resistance is assumed negligible in comparison to the boundary layer resistance
(Goodrich et al., 2000). Hence r, is assumed to equal the boundary layer resistance (r).
To estimate the boundary layer resistance, the model proposed by Choudhury and

Monteith (1988) was used:

1 o

att

(C-3)

)2

SIS

(LAIY®) (, _ exp(_;aat, )

In this equation, LA/ is the canopy projected leaf area index (the same as leaf area index)
derived from synthetic large footprint lidar. The quantity b was set equal to 0.0067 m s
2 Ttisa scaling coefficient for leaf boundary layer resistance (Magnani et al., 1998). o
is an attenuation coefficient for wind speed inside the canopy, ® = 0.05 m is a typical leaf
width, and U the wind speed outside the canopy (measured at 10 m above the ground).
The value for the wind attenuation coefficient, .« was set equal to 3 following Magnani

et al. (1998).
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The only remaining quantity required to compute cottonwood transpiration is the bulk
canopy resistance (r.). The canopy resistance is related to individual leaf stomatal
resistance (rs) by the following expression (Goodrich et al., 2000):

r
o C-6
YT, (€-6)

rs was estimated by Gazal et al. (2006) at both sites. Meanwhile, four metrics (canopy
height, height of median energy, ground return ratio, and canopy return ratio) were
derived from synthetic large footprint lidar for a cottonwood cluster at each of the two
study sites (intermittent and perennial). These four metrics were incorporated into a
stepwise regression equation to predict lidar-derived LAI (Table C.1). The lidar-derived
LAI at the perennial was 3.48 and at intermittent stream site was 2.78. These values were
constant throughout the study time period.

Daily total lidar-predicted transpiration of the cottonwood cluster at the perennial stream
site was higher than that at the intermittent stream site throughout the study time period
(Fig. C.8). Total lidar-predicted ET at the intermittent stream site was 23 mm and 55 mm

at the perennial stream site. This is also consistent with Schaeffer et al. (2000) who found
that riparian water use was directly correlated to LAIL Depth to groundwater (dgy) at the
intermittent stream site was higher than at the perennial stream site. At the intermittent
stream site, dgy increased from 3.1 m during the early part of the spring season to 3.9 m
during the peak of the drought period (Gazal et al., 2006). At the perennial stream site,
dgw had a gradual but much smaller decline during the pre-monsoon drought. The depth

at the beginning of the spring season was 1.5 m and increased to only 1.8 m at the peak of
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the drought period (0.5 m less than at the intermittent site; Gazal et al., 2006). Thus,
greater depths to groundwater corresponded with lower rates of lidar-predicted LAI and
transpiration.

Additionally, s at the intermittent stream site was greater than at the perennial stream site
with maximum r; attained at the peak of the pre-monsoon drought period (Gazal et al.,
2006). Leaf defoliation also caused rs to increase. Hence, at the intermittent stream site,
increase in r, caused large reductions in lidar-predicted transpiration that may be
associated with the loss of hydraulic conductivity that also facilitated a reduction in
stomatal conductance.

Lidar-predicted transpiration of the cottonwood cluster at two stream sites was 2-5%
more than their sap flow measurements (Fig. C.9). The differences in LAI between the
lidar-derived and sap flow measured transpiration (Gazal et al., 2006) accounts for most
of the differences in the magnitude of ET. Lidar-derived LAI was greater than sap flow
measured at two stream sites. Hence, greater LAI values corresponded with higher rates
of cottonwood transpiration at two contrasting riparian sites. Additionally, the differences
in the projected canopy area of the clusters between lidar and aerial photograph
(Schaefter et al., 2000) estimates caused reductions in sap flow measured transpiration at
the two stream sites.

Overall, canopy structure, atmospheric demand, and depth to groundwater played
significant roles in the fluctuations in transpiration of cottonwood trees in this riparian

ecosystem.
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C.5 Conclusions

We have shown that one can synthesize the vertical structure information for
cottonwood trees in a medium-large footprint laser altimeter return waveform using a
small-footprint elevation data set. The similarity between modeled waveform and return
waveform from ILRIS scanner was assessed using the Pearson correlation statistic.
Overall, the waveforms had a good degree of correlation. Although the modeled and
ILRIS waveforms identify reflecting layers at the same elevations, the relative strengths
of reflections from those layers varied. In addition, cottonwood tree-age changes are
likely mirrored in the shape or vertical geolocation of the waveform.

For each cottonwood tree, three laser height metrics were derived by all small-footprint
lidar returns from cottonwood canopy surface. The hcanopy and Lzmax laser height metrics
have been demonstrated as capable of estimating LAI for different age classes of
cottonwoods. Additionally, four metrics were derived from the modeled large-footprint
return waveforms for different age classes of cottonwood trees in a riparian corridor.
These four metrics were incorporated into a stepwise regression procedure to predict
field-derived LAI. The metrics from the lidar waveform were able to estimate LAI for
different age classes of cottonwood trees, though in all cases logarithmic transformation
of the dependent variable was necessary. Furthermore, the slightly weaker relationship
between LAI and lidar metrics among young, mature, and old-growth stands is caused by
the lack of large differences in LAI between different age classes of cottonwoods that

have been measured in field.
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Lidar and meteorological based estimates of cottonwood transpiration versus sap flow
measured cottonwood at perennial and intermittent riparian sites were also made. Lidar-
met-based transpiration estimates of the cottonwood cluster at the two stream sites was 2-
5% greater than their sap flow measurements over an eleven day period centered on the
lidar flight. The differences in LAI between the lidar-derived and sap flow measured
transpiration accounts for most of the differences in the magnitude of ET. Additionally,
the differences in the projected canopy area of the clusters between lidar and aerial
photograph estimates caused reductions in sap flow measured transpiration at two stream
sites. Overall, canopy structure, atmospheric demand, and depth to groundwater played
significant roles in the fluctuations in transpiration of cottonwood trees in this riparian
ecosystem.

Future research will apply the Penman-Monteith model to estimate cottonwood

transpiration using lidar-derived canopy metrics for the whole riparian corridor.
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Table C.1 Regression equations and statistics for relationship between LAI and lidar
metrics for young, mature, and old-growth cottonwoods

Cottonwood age-class Equation R’e RMSE n

log (LAT) = 0.27 + 0.01*LHT +
Young 0.01*HOME - 0.01 *GRND - 0.02*CRND  {),76 0.02 17

log (LAT) =020 +0.004*LHT +
Mature 0.02*HOME - 0.01*GRND + 0.0L*CRND ()78 0.01 15

log (LAT) =-0.29 - 005*LHT +
Old 0.16*IIOME - 0.47*GRND - 0.83*CRND (). 84 0.04 9

* All values significant (P<0.01).
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e

Figure C.1. Photos depicting (a) young, (b) mature, and (¢) old cottonwood trees.
Figure adapted from Farid et al. (2006), with permission from the Society of American
Foresters.
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Figure C.2. Cardboard boxes in the (a) foreground and (b) back part of one of the old
cottonwood trees (two scans on opposite sides the tree).
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Figure C.3. Illustration of the potential for creating synthetic lidar waveforms
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of small-footprint lidar data from within a 22 m x 26 m footprint. Section b shows
the vertical distribution of these returns.
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